ot NANYANG
TECHNOLOGICAL
UNIVERSITY

SINGAPORE

TOWARDS ROBUST AND EFFECTIVE
VISUAL LOCALIZATION

WANG SIJIE

School of Electrical & Electronic Engineering

A thesis submitted to the Nanyang Technological University
in partial fulfillment of the requirements for the degree of

Doctor of Philosophy

2025


http://www.eee.ntu.edu.sg




Statement of Originality

I hereby certify that the work embodied in this thesis is the result
of original research, is free of plagiarised materials, and has not been

submitted for a higher degree to any other University or Institution.

31/05,/2025 g >gie

Date WANG SIJIE






Supervisor Declaration Statement

I have reviewed the content and presentation style of this thesis and
declare it is free of plagiarism and of sufficient grammatical clarity to
be examined. To the best of my knowledge, the research and writing are
those of the candidate except as acknowledged in the Author Attribution
Statement. I confirm that the investigations were conducted in accord
with the ethics policies and integrity standards of Nanyang Technological
University and that the research data are presented honestly and without

prejudice.

~)7ylih
31/05,/2025 /?’7“%/

Date Prof. Tay Wee Peng






Authorship Attribution Statement

This thesis contains material from four paper(s) published in the follow-
ing peer-reviewed journal(s) / from papers accepted at conferences in

which I am listed as an author.

Parts of Chapters 2 and 3 are published as Sijie Wang, Qiyu Kang, Rui She, Wee
Peng Tay, Andreas Hartmannsgruber, and Diego Navarro Navarro, “RobustLoc:
Robust camera pose regression in challenging driving environments,” in Proceedings
of the AAAT Conference on Artificial Intelligence, 2023. The contribution of co-
authors are as follows:

e Prof. Tay Wee Peng provided the initial project direction for using neural
ordinary differential equations in localization.

e [ designed detailed methods, wrote all experiment codes, and prepared the
manuscript.

e Prof. Tay Wee Peng and Dr. Kang Qiyu revised the manuscript.

Parts of Chapters 2 and 4 are published as Sijie Wang, Qiyu Kang, Rui She, Wei
Wang, Kai Zhao, Yang Song, and Wee Peng Tay, “HypLiL.oc: Towards effective
LiDAR pose regression with hyperbolic fusion,” in Proceedings of the IEEE/CVF
Computer Vision and Pattern Recognition Conference, 2023. The contribution of
co-authors are as follows:

e Prof. Tay Wee Peng provided the initial project direction for using hyperbolic
embedding in localization.

e [ designed detailed methods, wrote all experiment codes, and prepared the
manuscript.

e Prof. Tay Wee Peng and Dr. Kang Qiyu revised the manuscript.

Parts of Chapters 2 and 5 are published as Sijie Wang, Rui She, Qiyu Kang,
Kai Zhao, Yang Song, and Wee Peng Tay, “PRFusion: Towards effective and
robust multi-modal place recognition with image and point cloud fusion,” IEEE
Transactions on Intelligent Transportation Systems. The contribution of co-authors
are as follows:

e Prof. Tay Wee Peng provided the initial project direction for using multi-modal
sensors in place recognition.



viil

e [ designed detailed methods, wrote all experiment codes, and prepared the
manuscript.

e Prof. Tay Wee Peng, Dr. Kang Qiyu, and Dr. She Rui revised the manuscript.

Parts of Chapters 2 and 6 are published as Sijie Wang, Rui She, Qiyu Kang,
Xingchao Jian, Kai Zhao, Yang Song, and Wee Peng Tay, “DistilVPR: Cross-Modal
knowledge distillation for visual place recognition,” in Proceedings of the AAAI
Conference on Artificial Intelligence, 2024. The contribution of co-authors are as
follows:

e Prof. Tay Wee Peng provided the initial project direction for using knowledge
distillation in localization.

e [ designed detailed methods, wrote all experiment codes, and prepared the
manuscript.

e Prof. Tay Wee Peng and Dr. She Rui revised the manuscript.

Parts of Chapters 2 and 7 are published as Sijie Wang, Rui She, Qiyu Kang, Siqi
Li, Disheng Li, Tianyu Geng, Shangshu Yu, and Wee Peng Tay, “Multi-modal
aerial-ground cross-view place recognition with neural ODEs,” in Proceedings of
the IEEE/CVF Computer Vision and Pattern Recognition Conference, 2025. The
contribution of co-authors are as follows:

e Prof. Tay Wee Peng provided the initial project direction for using aerial
database in localization.

e [ designed detailed methods, wrote all experiment codes, and prepared the
manuscript.

e Prof. Tay Wee Peng revised the manuscript.

31,/05,/2025 Nerg 2ie

Date WANG SIJIE



Acknowledgements

I am deeply grateful to the amazing individuals who have accompanied me through-

out this Ph.D. journey.

First, I would thank my supervisor, Prof. Tay Wee Peng. He is really an all-around
superman professor, who can excel in research, engineering, management, and social
interaction. I have learnt a lot from him, and the four years are a fruitful journey

to me.

Second, I would like to thank my parents and other family members, who have

always supported me and stood by my side.

Third, I would thank all seniors and friends met in Prof. Tay’s team and in Singapore.

They are kind, intelligent, and friendly.

This thesis marks a significant milestone in my lifelong journey, where the 22-year
learning journey comes to the end. I am proud that I am going to become the first

Ph.D. in my Wang’s family.

X






Summary

Visual localization is the task of determining an agent’s location using visual sensors
such as cameras and LiDARs. It plays a pivotal role in applications including
autonomous navigation, robotics, and augmented reality, where precise positioning
in complex environments is essential. However, existing approaches are not robust
against environmental perturbations. Moreover, the fusion of multi-modal infor-
mation from different sensors is not optimized for effective visual localization in
both same-view and cross-view settings. Furthermore, there is a gap in efficiently
transferring rich multi-modal information into single-modal pipelines, limiting the

potential for lightweight and computationally efficient operation.

To address these challenges, we leverage neural ordinary differential equations to
achieve robust visual localization under challenging conditions. The non-intersection
property of neural ordinary differential equations also ensures the consistency
between the scene feature and the actual geo-distance. Additionally, we propose
to embed features into spaces of distinct curvatures to enhance their geometric
representation ability. Furthermore, we incorporate learnable manifolds with flexible
chart functions and tangent space metrics to effectively fuse features from different
modalities. This supports more comprehensive sensor data interaction and thus
improves multi-modal visual localization performance. In addition, we propose to
combine self-agent and cross-agent relationships to enhance the effectiveness of
localization knowledge transfer. The multi-relationship knowledge transfer increases

the potential for lightweight single-modal localization with improved efficiency.

We evaluate these approaches across various visual localization scenarios. We
also conduct extensive experiments on benchmark datasets to demonstrate the
effectiveness of these approaches. These approaches hold significant potential for

advancing autonomous systems and related technologies.
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Chapter 1

Introduction

This chapter gives an introduction to the task of visual localization. It provides an
overview in terms of localization aims, types, modalities, and views. In addition,
the chapter defines the scope of this research and presents the central questions
addressed in the thesis. Finally, it offers a structural roadmap for the succeeding

chapters.

1.1 About Localization

Localization is a fundamental task in wide fields. It aims at inferring the location
of a system based on the provided query sensor data. Originally, Global Navigation
Satellite System (GNSS) is the basic solution for localization by leveraging global
satellites and stations [1]. In recent years, with the development of deep learning,
there has been increasing interest in visual localization solutions that use more

flexible mobile sensors such as cameras and LiDARs.

By extracting features from input sensor data, e.g., images from cameras and point
clouds from LiDARs, deep neural networks are able to infer the location|2, 3.
Compared to traditional GNSS-based methods, visual localization offers several
advantages: it can operate in GPS-denied environments such as indoors or urban
canyons, adapts better to complex geometries and scene appearances, and supports

both metric and semantic-level understanding of the environment.
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However, visual localization also introduces new challenges including robustness and
effectiveness. Visual localization systems are highly sensitive to input perturbations,
such as changes in illumination, weather conditions, occlusions, or motion blur. These
perturbations can significantly degrade the quality of extracted features, thereby
reducing the reliability and accuracy of localization. Therefore, how to maintain
the robustness of feature extraction would be a critical problem to localization.
Moreover, effectively extracting informative and discriminative features from sensor
inputs remains a key challenge. The quality of these features directly impacts the
localization performance, especially in visually ambiguous or dynamically changing
environments. Designing feature extractors that are both robust to noise and
sensitive to task-relevant variations is therefore essential for achieving accurate and

reliable localization.

In this thesis, we focus on learning-based visual localization approaches that integrate
deep representations with robustness and effectiveness. Our goal is to develop

localization models that are both robust and effective across diverse environments.

1.2 Localization Types

To achieve the localization of an agent, several types of pipelines can be utilized, each
with different levels of precision and performance. These pipelines include approaches
such as pose regression|2|, place recognition[4], and point-wise registration|5-7].
Among these, pose regression and place recognition are generally used for coarse-
level localization, providing meter-level accuracy while operating efficiently. These
methods are suitable for tasks that require quick estimation of the agent’s location,

but they may lack the accuracy needed for more fine-grained localization.

On the other hand, point-wise registration serves the purpose of fine-grained local-
ization, enabling the agent to achieve centimeter-level accuracy [6]. This approach

is slower due to the increased computational demands.

A full localization solution typically combines both coarse and fine-grained tech-
niques. Coarse-level localization, provided by pose regression or place recognition,
is often employed as a quick initialization step to estimate the agent’s position
roughly. Once this initialization is complete, fine-grained localization, using point-

wise registration, is employed to refine the pose further and deliver more accurate
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FI1GURE 1.1: Localization type comparison. The above is pose regression, the
middle is place recognition, and the below is point registration.

positioning. This combination ensures that the system benefits from both the speed
of coarse localization and the precision of fine-grained techniques, allowing for a

more robust and adaptable localization pipeline.

In this thesis, we focus on the coarse-level localization approaches, including pose

regression and place recognition. The pipeline diagrams are shown in Fig. 1.1.

1.3 Localization Modalities

To achieve visual localization, different sensor options are available to produce
visual data. These sensors generate data that can be easily visualized and typically
contain rich information about the environment. This makes these sensors highly

suitable for localization tasks.

Cameras are passive sensors that receive light and generate images containing dense
visual information such as colors and textures. These images often provide rich
and high-resolution details of the scene, allowing for fine-grained recognition of
objects, landmarks, and environmental features|2, 4]. This dense and rich data
makes cameras ideal for tasks that require detailed visual cues, though they can be

sensitive to changes in lighting or weather conditions.

LiDARs, on the other hand, are active sensors that emit laser beams and calculate
the distance to objects by measuring the laser flight time. This process allows LIDAR

to generate sparse and accurate 3D point clouds that provide spatial information
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about the surroundings. By capturing the geometry of the environment, LiDARs
are particularly effective in perceiving the structure of objects and surfaces, making
them valuable for localization|3, 4]. However, since LIDARs cast sparse lasers, the
structural point cloud is produced in a sparse format. How to effectively handle the
sparsity and extract informative features from point clouds remains a challenge for

visual localization.

The fusion of different basic sensor modalities arises as another promising localization
solution. For example, we can fuse images from cameras and point clouds from
LiDARs, so that the colors, textures, as well as 3D structural information are
all captured. This provides a much informative input into the visual localization
neural network [8|. Therefore, how to effectively fuse different sensor modalities to
build more representative scene-related features is critical for achieving accurate
localization. On the other hand, the sensors that are additionally included would
pose a burden on the system. They either result in high computational requirements

or produce additional costs and weights for the system.

1.4 Localization Views

In the database-based localization type, visual localization approaches can be

categorized into same-view localization or cross-view localization.

In same-view localization, query and database data are captured from the same
view. For example, in ground-based localization scenarios, query and reference data
are images captured on the ground, such as Google Street View data [9]. Similarly,
in aerial photography, both the query and database data come from aerial sources,
such as satellite [10] and unmanned aerial vehicle (UAV) imagery [11, 12|. This
consistency in the same view simplifies the matching process, as data shares similar

visual characteristics and scene perspectives.

On the other hand, cross-view localization involves query and database data captured
from different views. A common example is that the query consists of ground-level
images and the reference database is made up of aerial maps [13]. Cross-view
localization is particularly valuable when same-view reference data is not readily
available, such as in remote or wilderness areas where there is no pre-captured

ground data. In these cases, aerial maps or satellite images may serve as the only
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viable reference for localization. Cross-view localization poses unique challenges due

to the inherent difference between different views.

1.5 Localization Applications

Relying only on flexible visual sensors, visual localization has been applied in a
wide variety of fields. One of the largest fields would be autonomous driving which
has gained significant interest. Visual localization enables autonomous vehicles to
know where they are and thus can smoothly and safely operate on the road. In
addition, smart robots can also be beneficial for visual localization. For example,
they can have an accurate sense of location in both outdoor and indoor scenarios
and can effectively conduct various tasks, e.g., delivery [14] and manufacture[15].
Moreover, visual localization is helpful in various challenging environments, such as

forest [16], desert [17]|, and even other planets [18].

These diverse applications highlight the critical role of visual localization in enabling
intelligent systems to perceive, understand, and interact with their environments in

a robust and autonomous manner.

1.6 Cause of Lacking Robustness and Effectiveness

The cause of lacking robustness and effectiveness can be attributed to multiple
aspects. First, the inherent limitations of sensor inputs fundamentally hinder robust
localization. For instance, cameras, as passive sensors, are highly susceptible to
environmental perturbations such as illumination changes and low-light conditions,

which can drastically degrade the reliability of visual data.

Then, since visual localization heavily depends on feature extraction from neural
networks, any perturbation in the input data inevitably leads to degraded feature
quality, which in turn diminishes localization accuracy. Meanwhile, inappropriate
design of neural networks may fail in exploiting information embedded in sensor
inputs, leading to insufficient feature extraction and, consequently, ineffective visual

perception.
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Finally, visual localization networks rely on ground truth supervision to guide the
optimization of network parameters. Without sufficiently informative and accurate
guidance, networks cannot be trained reliably and are thus hindered from achieving

effective localization.

1.7 Scopes and Research Questions

In this thesis, we address key questions to explore the task of coarse-level visual
localization and introduce solutions for achieving robust and effective visual localiza-
tion. An overview of the research gaps, core concepts, and motivations are presented
in Table 1.1. The key components include graph neural networks (GNNs), ordinary
differential equations (ODEs), manifolds, and knowledge distillation (KD).

In summary, our first contribution is a camera-based localization model designed
to ensure robust performance under challenging conditions. Second, we develop
a LiDAR-based point cloud localization model that enhances feature extraction
from sparse point clouds. Third, we propose a multi-modal localization model that
efficiently integrates information from both images and point clouds. Fourth, we
introduce a KD pipeline to improve the localization performance of single-modal
models. Lastly, we propose a cross-view localization model that leverages aerial

maps to assist ground-level localization for mobile agents.

The contribution of this thesis is driven by the following research questions.

e Question 1: Can we enable camera-based localization with enhanced robust-
ness, ensuring that the model can still perform effectively even in challenging

driving conditions?

We introduce RobustLoc[19] in Chapter 3 to address this question. RobustLoc is
built upon neural ODEs, and it allows for robust feature extraction under input
perturbations. Furthermore, RobustLoc leverages neighboring image frames to
aggregate additional information, thereby mitigating the information loss caused by

Sensor noise.
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Our Work

Research Gap

Basic Idea

Motivation

RobustLoc

Current camera localiza-
tion methods struggle un-
der challenging conditions
with environmental pertur-
bations and significant sen-
sor noise.

Leverage ODEs to enhance
features and GNNs to in-
corporate neighboring in-
formation. Both can con-
tribute to improved robust-
ness against perturbations.

Neural ODEs can natu-
rally handle input pertur-
bations, while GNNs effec-
tively aggregate neighbor
data and mitigate the in-
formation loss caused by
perturbations.

HypLiLoc

Existing LiDAR localiza-
tion approaches fail to uti-
lize geometric information
from sparse point clouds,
resulting in inadequate fea-
ture extraction.

Use both  hyperbolic
and Euclidean spaces to
embed geometric features.
Integrate point-based
and projection-based
backbones simultaneously.

Hyperbolic and Euclidean
spaces allow for captur-
ing geometric features with
different curvatures, while
point and projection back-
bones handle feature aggre-
gation in different neigh-
borhood formats.

PRFusion

Multi-modal localization
methods often overlook in-
tegrating global summa-
rized information and local
fine-grained details for ef-
fective feature fusion.

Apply a learnable manifold
metric for feature atten-
tion computing on flexible
manifolds and use camera-
LiDAR extrinsic calibra-
tions for the pixel-level fea-
ture correspondence.

Manifolds with learnable
metrics provide a more
adaptable space for align-
ing features from different
modalities, while extrinsic
calibration supports finer-
grained local feature fu-
sion.

DistilVPR

Existing KD methods
do not fully consider the
intrinsic  properties  of
matching-based localiza-
tion across teachers and
students.

Leverage both cross-agent
and self-agent relation-
ships. Incorporates geo-
metric embeddings with
different curvatures.

Various agent relationships
help better explore query-
database matches, and di-
verse curvature spaces of-
fer a more flexible platform
for exploring geometric re-
lationships.

AGPlace

Existing multi-modal
localization pipelines do
not leverage a surrogate
branch to align features
from different views.

Utilize the non-
intersection property
of ODEs to create a

surrogate space for feature
interaction.

ODEs facilitate more ef-
ficient feature extraction
that can be aligned with
the geo-distance, while the
surrogate manifold space
bridges feature represen-
tations across different
views.

TABLE 1.1: Summary of the research gaps, basic ideas, and motivations behind
our proposed works.

e Question 2: Can we delve deeper into the properties of point cloud data to

extract more hidden and informative features for more effective LiDAR-based

localization?

We introduce HypLiLoc|20] in Chapter 4 to address this question. HypLiLoc

takes advantage of space feature embeddings, including flat Euclidean space and
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curved hyperbolic space. These multi-space embeddings enable the model to better
understand point clouds. Additionally, HypLiLoc includes both point-wise and
projection-based backbones, allowing for diverse neighborhood construction to

support feature aggregation.

e Question 3: Can we effectively fuse different input modalities, incorporat-
ing both global summarized information and local fine-grained details, to
build more powerful scene descriptors for robust and effective multi-modal

localization?

We introduce PRFusion+-+ in Chapter 5 to address this question. PRFusion++ uses
manifold metrics to support flexible attention that facilitates feature interaction
between different modal spaces. Additionally, PRFusion++ leverages camera-LiDAR
extrinsic calibrations to support fine-grained and pixel-level feature correspondence.

This leads to more effective local-level feature fusion.

e Question 4: Can we transfer the advanced localization ability of multi-modal
models into smaller and single-modal models, so that lightweight models
operating on resource-constrained platforms can benefit from effective teacher

guidance and achieve better performance?

We introduce DistilVPR|21] in Chapter 6 to address this question. DistilVPR facili-
tates knowledge transfer by considering relationships between teachers and students
in both cross-agent and self-agent formats, which allows for more effective transfer of
matching-based knowledge. Moreover, DistilVPR utilizes various curvature manifold

embeddings to enhance the exploration of geometric features.

e Question 5: Can we design a more seamless network architecture to better align
localization features from different views, thereby achieving more accurate

cross-view localization?

We introduce AGPlace in Chapter 7 to address this question. AGPlace includes
a surrogate manifold branch to align features from different views and modalities.
It also incorporates neural ODEs to ensure that the constructed scene descriptors

remain consistent with the actual geometric locations.
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1.8 Thesis Organization

This thesis is structured as follows:

In Chapter 2, we introduce related works and fundamental concepts that form the
foundation for the thesis. This chapter covers key theoretical preliminaries, the

main techniques used in the literature, and essential background knowledge.

The following five chapters introduce our proposed solutions. Each chapter presents
a specific approach, along with the experiments conducted on various datasets to

validate the effectiveness of the approach.

In Chapter 3, we introduce RobustLoc, a camera pose regression model designed
for localization tasks. Built upon neural ODEs, RobustLoc incorporates adjacent
image frames to enhance resilience against input perturbations by enabling robust

feature extraction.

In Chapter 4, we present HypLiLoc, a LiDAR-based pose regression model that
benefits from spatial feature embeddings across both Euclidean and hyperbolic
spaces. These multi-space representations improve the model’s ability to interpret
point clouds. HypLiLoc further integrates both point-wise and projection-based
backbones, supporting diverse neighborhood constructions for effective feature

aggregation.

In Chapter 5, we propose PRFusion and its extended variant PRFusion++, two
multi-modal place recognition models that employ manifold-aware attention mecha-
nisms to facilitate interaction across different modality spaces. PRFusion++ addi-
tionally utilizes precise camera-LiDAR extrinsic calibration to achieve fine-grained,

pixel-level feature alignment, leading to enhanced local fusion performance.

In Chapter 6, we introduce DistilVPR, a cross-modal KD framework tailored
for place recognition. It promotes efficient knowledge transfer by capturing both
cross-agent and self-agent relationships between teacher and student models. Distil-
VPR also leverages manifold embeddings with varying curvature to better explore

geometric structures.

In Chapter 7, we propose AGPlace, a model for aerial-ground cross-view place
recognition. It incorporates a surrogate manifold branch to align multi-view and

multi-modal features.



10 1.8. Thesis Organization

Finally, in Chapter 8, we revisit the proposed visual localization approaches in the

thesis and suggest potential directions for future research that advances the field of

visual localization.



Chapter 2

Background

This chapter provides a comprehensive review of the background of visual localization
solutions. We cover the task introduction, existing approaches, and preliminaries

that inform the solutions proposed in this thesis.

2.1 Task Introduction

We first introduce the basic background of the two visual localization types, including

database-free pose regression and database-relied place recognition.

2.1.1 Pose Regression

In the pose regression pipeline, the implicitly given information during inference
is the coordinate frame, where the regression model is required to estimate the
sensor’s 6-degree-of-freedom (6-DoF) pose with respect to this coordinate frame.

The inputs to the regression model include images captured by cameras and point
clouds produced by LiDARs.

Given a query sensor data Q (such as an image and a point cloud), the goal of pose
regression network fpose : Q — (d, r) is to predict the 6-DoF sensor translation and

rotation Pose = (d,r) with respect to a coordinate frame.

11
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The model is trained to minimize a loss function that jointly considers both trans-

lation and rotation. A common loss formulation is:

L =ald—=d| + pllr — 7 (2.1)

where d* and r* denote the ground truth translation and rotation vectors. || - ||
denotes the /5 norm. The parameters o and § are scalar weights used to balance

the importance of translation and rotation errors in the overall loss.

The objective of the model is to minimize this loss function and ensure that the
predicted pose can closely match the ground truth pose in terms of both position

and orientation.

2.1.2 Place Recognition

In contrast to pose regression, place recognition involves using an informative
reference database that consists of geo-tagged sensor data. The task is to find the
closest match in the reference database, such that the query scene or place can be

recognized and its rough location can be estimated from the corresponding geo-tags.

Given a query input Q and a reference database {(Ref;, d;)}Y, that consists of the
reference data Ref; associated with the geo-tagged position d;, the goal of place

recognition is to retrieve the reference data Ref,, that most closely matches the

query Q.

Place recognition is usually formulated as a retrieval task, where a similarity score
Sim(Q, Ref;) is computed between the query and each reference entry. Thus, the

objective of place recognition can be formulated as:

(Reftop, diop) = argmax Sim(Q, Ref;) (2.2)

Ref;,d;

where Refy,, is the top-matched reference data.
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To perform place recognition, both the query Q and the reference data Ref;
are embedded into a common feature space using deep neural networks fpace :
Q, Ref; — eq, eref,, Where eq, ege, are the embeddings of the query and reference
data. Therefore in the place recognition pipeline, the similarity score Sim(Q, Ref;)
is typically computed on the embeddings instead of the original sensor data, which

can be formulated as:

. €Q ' €Ref;
S Ref;,)) = ——————. 2.3
im(Q, Refe) = 1 Meret (23)

During training, a loss function is used to optimize the neural network by maximizing
the similarity between a query and its corresponding positive reference embedding
while minimizing the similarity with irrelevant negative embedding. A commonly

used loss for place recognition is the triplet loss:

L= maX( Heanchor - epositive” - Heanchor - enegative” +m, 0)7 (24)

where m is the margin hyperparameter. echor gpositive gnegative are the embeddings

of an anchor query, a positive reference, and a negative reference, respectively.

Once the top-matched reference data Ref,,, is retrieved, the corresponding location
d;op is used to estimate the location of the query. This provides a coarse localization

of the query scene.

2.2 Related Works

In this section, we provide a literature summary of the related works in visual

localization.

2.2.1 Camera Pose Regression

Given the query images, camera pose regression models directly regress the camera

poses of these images without the need for a database. Thus, it does not depend on
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the scale of the database, which is definitely a born gift compared with database

approaches.

PoseNet [2] and GeoPoseNet [22| pioneer to directly regress the pose of the sensor
data. They construct pose regression models that consist of a feature extraction
backbone and a pose regression head as shown in Fig. 2.1. There are various
backbones used for visual feature extraction, such as convolutional neural networks
(CNNs) (e.g., ResNet|23], ConvNeXt|24]) and Transformers (e.g., ViT[25] and
Swin[26]). These backbones are usually pre-trained on the large-scale ImageNet
dataset[27] such that they have sufficient ability to recognize general image patterns
for other tasks. GeoPoseNet simultaneously learns locations and orientations by
introducing balancing weights to account for the scales of these two variables. This

method ensures more accurate pose estimation.

translation .
translation
head
backbone
rotation .
rotation

head

FI1GURE 2.1: Overview of a pose regression model.

MapNet [28] integrates inexpensive and widely available sensory inputs, such
as the odometry trajectory, with image data for enhanced camera localization.
It incorporates geometric constraints by formulating them as loss terms during

training, which is formulated as:

L= Z PatapNes (Pose; j, Pose; ), (2.5)

.3

where Pose; j, Pose; ; are the predicted and ground truth relative poses between i
and j frames respectively. hyapnet 1S the loss function to measure the prediction

and ground truth pose, which is defined as:
hatapnes (Pose, Pose®) = ||[d — d*[le™ + a + [[r — r*|le ™ + 3, (2.6)

with balancing parameters «, (.

AD-PoseNet and AD-MapNet [29] leverage semantic masks to exclude dynamic

areas from images. The key innovation in these models is the prior-guided dropout



Chapter 2. Background 15

module, which guides the network to ignore foreground objects during both train-
ing and inference Fig. 2.2. Additionally, the dropout module enables the pose
regressor to generate multiple hypotheses, facilitating the quantification of pose
estimate uncertainty. This uncertainty is then exploited in an uncertainty-aware
pose graph optimization, which significantly improves the robustness of the overall

pose estimation process.

drop prior

dropped image

input image

FIGURE 2.2: Visualization of the prior-guided dropout.

AtLoc [30] leverages global attention mechanisms to guide the network towards
more geometrically robust objects and features, enhancing the spatial consistency of
the scene representation. Additionally, it incorporates temporal constraints between
image pairs to improve the consistency and accuracy of the learned features across

sequences.

Coordinet [31] employs CoordConv [32] and weighted average pooling [33] techniques
to effectively capture spatial relationships. Additionally, it integrates an uncertainty
estimation module for the pose. The network jointly learns both the pose and its

uncertainty using a unified loss function. During inference, these poses are refined
by the Extended Kalman Filter (EKF).

2.2.2 LiDAR Pose Regression

LiDAR sensors actively emit beams to estimate sparse depth information in the
environment. They are more robust against illumination changes compared to
camerasFig. 2.3. This resilience has made LiDAR a critical component in various

applications|34-36].
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point cloud image
from LiDAR from camera

fused visualization

FI1GURE 2.3: Visualization of the point cloud.

PointLoc [3]| pioneers to leverage LIDAR point clouds for pose regression by utilizing
PointNet++ [37] followed by self-attention to extract point cloud features. Point-
Net+-+ is a commonly used point-wise backbone for point cloud feature extraction.
In each layer, centroids are selected from the input point cloud. These centroids
will aggregate the neighborhood information from other points and then be used as

the input into the next layer Fig. 2.4.
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FIGURE 2.4: Overview of a layer in PointNet++-.

Later, this paper [38] proposes a universal feature encoding approach to handle
various scenes efficiently. This method enables high efficiency and data privacy.
Additionally, it introduces a memory-aware regressor that adjusts the hidden unit
to control the memorization capacity, which allows for the increased upper bound

of the network capacity.

SGLoc[39] effectively encodes the scene coordinates which are preserved in the scene
geometry, rather than relying solely on a global LiDAR pose. This method of addi-
tional scene coordinate encoding results in significant performance improvements.
In addition, SGLoc integrates a tri-scale spatial feature aggregation module and a
geometric constraint loss. These components work together to effectively capture

and utilize scene geometry, enhancing overall localization accuracy.
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2.2.3 Image Place Recognition

Different from pose regression approaches, place recognition solutions assume there
exists a reference database to store reference scene data or extracted reference scene

descriptors Fig. 2.5.

database sensor data database scene descriptors

_’ - I I I I -
feature
backbone aggregation matching
head

. place recognition model I I

query scene descriptors

query sensor data

FIGURE 2.5: Pipeline of the place recognition model.

Traditionally, hand-crafted models are used to extract scene descriptors from images,
such as BoW [40] and VLAD [41]. BoW represents an image by quantizing local
features into a histogram of visual words. It involves extracting local descriptors
and clustering them into a visual vocabulary. Each image is then represented by a
histogram of the frequency of visual words. VLAD improves BoW by aggregating
local descriptors more effectively. Instead of merely counting visual words, VLAD
aggregates local feature descriptors around the cluster centers and encodes them
into a compact vector. This method captures more detailed information about the
descriptors’ distribution. However, these methods heavily rely on prior information,
which may not perform well in challenging environments. To address the limitations
of traditional methods, advances in deep learning have inspired learning-based
place recognition models. NetVLAD [42] pioneers the combination of the traditional
VLAD descriptor with a CNN to construct a learnable feature aggregation layer.

Its success has paved the way for many image-based place recognition models.

Building on the aggregation concept from NetVLAD, there are a series of works
[43-45] extending the idea further. For example, GeM [43] generalizes max and
average pooling operations into a flexible pooling layer with a learnable parameter.

This parameter allows for adaptive channel weighting, enhancing the representation
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of important features. The GeM layer is formulated as:

1/p
feeanp(F) = (% > F?) : (2.7)

F,cF

where p is the learnable parameter, F' is the feature map, and F; is the i-th feature

point in the feature map F.

Building on GeM, MixVPR [45] advances feature aggregation strategies by incorpo-
rating multi-layer perceptrons (MLPs) to process holistic feature maps. MixVPR
utilizes MLPs to perform both channel-wise and spatial-wise feature mixing. It
improves the scene representation ability by combining features across different

dimensions and scales.

In contrast to these aggregation-focused solutions, other works design holistic feature
extraction pipelines [46-50]. For example, PatchNetVLAD [46, 47] advances both
local and global descriptor methods by deriving patch-level features from NetVLAD
residuals. R2Former [50] integrates retrieval and re-ranking procedures to create
more cohesive scene descriptors. By balancing global summarization with local detail
preservation, R2Former effectively combines both global context and fine-grained

local information.

However, one drawback of utilizing images is their susceptibility to environmental

changes, such as fluctuating illumination and varying weather conditions.

2.2.4 Point Cloud Place Recognition

In contrast to images, point clouds produced by LiDARs demonstrate greater
robustness against environmental perturbations [20, 39|. Since LiDARs actively

emit laser beams, they are less susceptible to illumination perturbations.

PointNetVLAD [4] marks a significant advancement by utilizing point clouds rather
than images for place recognition. It extracts point cloud features using PointNet
[37, 51|, which are then processed by a NetVLAD layer to generate the final global
descriptor of the scene. This approach has inspired a series of 3D-based models

aimed at enhancing point cloud place recognition.
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Following the success of PointNetVLAD, several works have leveraged PointNet-
series for point-based feature extraction [52-55]. These methods are built on the
foundational PointNet architecture [37, 51]. For example, EPC-Net utilizes a spatial
adjacency matrix and proxy points to streamline the original edge convolution,
thereby reducing memory consumption. Additionally, it introduces a group layer
that decomposes high-dimensional vectors into several low-dimensional groups. This
approach not only decreases the number of network parameters but also preserves

the discriminative information in the feature vectors.

In addition to point-based methods, voxel-based (cube-based) feature extraction
has gained attention [56-58|. For instance, MinkLoc3D [56] pioneers the use of
sparse 3D convolutional layers [59] to extract voxelized point cloud features Fig. 2.6.
Voxel convolution operates over these voxel grids, sliding a 3D kernel across the
input voxels to extract spatial features. Similar to 2D convolution in images, voxel
convolution captures spatial relationships between neighboring voxels, enabling the

model to learn geometric patterns and structures from 3D data.

point cloud

spherical projection

BEV projection

FIGURE 2.6: Comparison between point clouds and voxels.

Another direction involves projecting the 3D point cloud into 2D formats, employ-
ing spherical projection [60-62| and bird’s-eye-view (BEV) methods [63]. These
projection techniques offer alternative ways to interpret 3D data by leveraging
information available in 2D representations. Among these methods, BEVPlace
[63] transforms raw point clouds into a BEV format, enabling the application of

image-like feature extraction techniques. The visualization of different point cloud
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projection methods is shown in Fig. 2.6. It employs group convolution layers to

capture rotation-invariant local features.

2.2.5 Multi-Modal Place Recognition

Recent research has demonstrated that incorporating multiple modalities can im-
prove performance compared to using a single one. This has led to a growing interest
in multi-modal learning using both images and point clouds for place recognition.
The process of multi-modal place recognition typically employs a two-branch design,
where images and point clouds are processed through their respective backbones
for basic feature extraction Fig. 2.7. Then the extracted multi-modal features are

fused with fusion layers.

image
backbone

image feature

point cloud :
aggregation head

input

point cloud feature
aggregation head

point cloud

image input backbone

”\’ 4
*"}A‘ : multi-modal

scene descriptor

FIGURE 2.7: Multi-modal scene descriptor construction.

Some multi-modal place recognition works [8, 64—66] focus on fusing multi-modal
features at the global level, often neglecting fine-grained local information. For
instance, MinkLoc++(8| and AdaFusion|66] perform multi-modal feature fusion

only on globally-pooled descriptors.

To address this limitation, there are other solutions [18, 67] that attempt to
incorporate fine-grained level information by fully integrating the entire feature
maps extracted by the two branches. Specifically, LCPR [67] leverages self-attention
to fuse image features and projected spherical point cloud features. UMF [18§]
employs both self-attention and cross-attention to capture patterns. It also leverages
MAE-based|68] network pre-training pipeline to enhance the feature extraction
ability of 2D and 3D backbones. During pre-training, the image pixels and point
cloud voxels are masked randomly, and the backbones are forced to reconstruct the

masked area. A visualization of the image-based MAE is shown in Fig. 2.8.
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FIGURE 2.8: Visualization of MAE. The image is randomly masked, and the goal
of MAE model is to reconstruct the masked area.

Despite these advancements, existing multi-modal place recognition models still
rely on simplistic fusion techniques, such as concatenation [8] and basic attention
mechanisms |18, 66, 67]. Moreover, they do not exploit camera-LiDAR extrinsic
parameters to facilitate effective local fusion. There remains significant potential to

enhance multi-modal feature interaction and improve overall performance.

In contrast, utilizing aerial maps as the database offers a potential solution to

address the aforementioned challenges, yet it remains an under-explored area [69].

There are several advantages to using aerial maps: (1) They are readily available
and include various types such as satellite images and road maps. (2) Aerial maps
inherently capture a larger field-of-view (FOV) compared to ground sensor data,
allowing place recognition models to operate on larger scales. (3) Collecting aerial
data is more efficient than ground data, especially in challenging terrains like forests
and mountains. These factors motivate us to investigate aerial-ground multi-modal

place recognition that could benefit ground agent localization.

2.2.6 Knowledge Distillation

KD has emerged as a pivotal technique in model compression and multi-modal
learning, enabling the transfer of knowledge from complex teacher models to compact
or cross-modal student models as shown in Fig. 2.9. Vanilla KD [70] first introduces
the concept of KD to compress the knowledge from larger teacher models to smaller

student models. Given a teacher model fieo(-) and a student model fi,(-), the
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KD loss can be formulated as:

L(Q) = U(f1ea(Q), fstu(Q)), (2.8)

where £( -, -) is the loss function. The KD loss is applied to the student model to
optimize the model parameters. RKD [71] emphasizes the self-agent relationships of
both teacher and student outputs. This approach serves as an implicit distillation
solution, facilitating the effective transfer of the teacher’s knowledge to the student

model. An RKD loss can be formulated as:

L(Qu Q]) = E(d(.ftea(Qi)a ftea(Qj))a d(fstu(Qi)a fstu(Qj)))’ (29)

where d( -, ) is the distance/relationship measurement function.

AFD [72] employs an attention-based meta-network to acquire relative similarity
among features and then employs the similarity to regulate the intensity of distilla-
tion for all feasible pairs. MKD [73] conducts prediction alignment at three different

levels simultaneously, which include the instance, batch, and class levels.

teacher feature

— teacher model —_—
—_— student model & —_—

input data

minimize
feature distance

student feature

FIGURE 2.9: Cross-modal KD pipeline. The stronger teacher model takes as input
multi-modal data, while the weaker student model takes as input single-modal
data.

There are also some other distillation works focusing on various tasks. 2DPass
[34] employs an innovative approach to enhance the point cloud semantic informa-
tion extraction by distilling knowledge from images. LSD-Net [74] leverages dual
distillation to transfer teacher patterns into students for lightweight place recog-
nition. LIDAR2Map [35] presents an online camera-to-LiDAR distillation scheme
to facilitate semantic information from images to point clouds for semantic map

segmentation.
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2.3 Preliminaries

2.3.1 Neural Differential Equations

ODEs serve as a fundamental tool for describing dynamical systems. They express
how a system state evolves over time and capture relationships between the system

variables and the rates of change:

7 - f(’y(t)vt)v (210>

where 7(t) denotes the ODE state and f denotes the function to describe the ODE
state. The paper [75] first proposes trainable neural ODEs by parameterizing the
continuous dynamics of hidden units. The hidden state of the ODE network is

modeled as:

T f@(’}/(t)vt)v (2'11)

where fy is the trainable network parameterized by weights 6. Recent studies [76-81]
have demonstrated that neural ODEs are intrinsically more robust against input

perturbations compared to vanilla CNNs.

Theorem 1. (Non-intersection of ODE solutions.)[76, 82] Given an ODE dzl—(tt) =
f(y(t),t), where f is continuous in ¢ and globally Lipschitz continuous in 7. Let 7, (%)
and 72 () be two solutions of the ODE. If there exits initial conditions v;(0) # 71(0),
then it holds that v1(t) # 12(¢) for all t € [0, c0).

The non-intersection of ODE solutions presented in Theorem 1 indicates that
different ODE inputs guarantee different ODE outputs, which can be used to
construct more distinguished scene descriptors that align with the actual geo-

distances.

Furthermore, the non-intersection also indicates the inner robustness of ODEs.
Let 71(0) < 72(0) < v3(0) are three different initial values. Then according to
Theorem 1, the three solutions maintain the order v, (t) < 72(t) < v3(t), i.e., 2(t)

is bounded. This demonstrates the inner robustness of ODEs.
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In addition, neural partial differential equations (PDEs) [83, 84] have been proposed
and applied to GNNs, where the diffusion process is modeled on the graph. Further-
more, the stability of the heat semigroup and the heat kernel under perturbations
of the Laplace operator (i.e., local perturbation of the manifold) is studied [78].
Neural diffusion equations are also applied to image patch matching[85—87| and

point cloud registration|88, 89].

2.3.2 Manifolds

The concept of a manifold serves as a generalization of surfaces in higher dimensions,
extending the notion of well-behaved geometrical structures. An n-dimensional
manifold M is a topological space that locally resembles the topological space R”
near each point p € M. For each point p, it is possible to establish a homeomorphism

between a neighborhood of p and R".

The tangent space T, M at a point p on M can be visualized as a n-dimensional
hyperplane in R"*! that provides the best approximation of M in the vicinity of
p. Alternatively, T, M is the space that encompasses all the possible directions of
curves on M passing through p. The elements residing within 7, M are tangent
vectors, and the collection of all tangent spaces forms the tangent bundle. Essentially,
the tangent space T, M characterizes the local linear approximation of M near the

point p. It captures the intrinsic geometry of M.

A metric tensor, also known as a metric, is an additional structure defined on a
manifold M that enables the measurement of distances and angles, similar to how
the inner product in Euclidean space allows for the definition of distances and
angles. Specifically, at each point p on M, a metric tensor is a bilinear form defined
on the tangent space at p. This bilinear form takes pairs of tangent vectors and
assigns real numbers as g(p) : TpM x T, M — R. By smoothly varying across
M, the metric tensor provides a consistent way to measure distances and angles

throughout the manifold.
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2.3.3 Curvature Spaces

Different feature manifolds can be categorized based on their curvature [90]. The
Euclidean space represents the most prevalent manifold with zero curvature, while
the spherical manifold exhibits positive curvature, and the hyperbolic manifold
has negative curvature Fig. 2.10. By using multiple manifolds, we can facilitate
features to possess more comprehensive embedding relationships by leveraging

distinct geodesic distances.

e

Euclidean space spherical space hyperbolic space
Zero curvature positive curvature negative curvature

FIGURE 2.10: Visualization of Kuclidean, spherical, and hyperbolic spaces.

Euclidean Space. Euclidean space serves as a prominent example of a flat manifold,
exhibiting zero curvature across all points. Within Euclidean space, the calculation of
the geodesic distance between any two points is given by the conventional Euclidean
distance. The distance dg,. is the straight-line distance between two points in a

Cartesian coordinate system given by:

deuc(x,y) =[x =yl (2.12)

Spherical Space. In contrast to Euclidean space, the spherical manifold displays
a distinct characteristic by possessing a constant positive curvature. The geodesic
distance between two points is calculated based on the angular separation between
the points and the radius of the sphere. The cosine distance can be viewed as the

spherical distance on a unit sphere:

Xy
oo (X, ¥) = . (2.13)
Iyl

Hyperbolic Space. In Riemannian geometry, the hyperbolic space is defined as
the Riemannian manifold with constant negative curvature. The Poincaré ball is
the most common conformal model of hyperbolic geometry. It has been used to

embed features in various tasks [91-93|. The n-dimensional Poincaré ball is defined
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on D" = {p € R" : ¢||p|| < 1} with curvature —c?. The Poincaré ball is equipped

2

TS is the conformal factor and E™

with a metric tensor g = A?E", where A\, =

is the identity matrix.

Given a pair p,q € D7, the mobius addition @, is defined as:

(1+2¢(p.a) +cllal*)p + (1 —c|p*)a

(2.14)
1+ 2¢(p,a) + 2 |p|* lall”

P®dc.q=

For a fixed base point z € D7, the exponential mapping function expy : R" — D7

maps points from the tangent Euclidean space to the hyperbolic space:

expl(v) = z @, (tanh (ﬁAC !V”) \/Evuvu)‘ (2.15)

By setting the origin as the fixed base point, the exponential map can be simplified

as:

\%

expg(v) = tanh(y/c||v]|) NGk

(2.16)

After exponential mapping, the geodesic distance between two points in the hyper-

bolic manifold (hyperbolic distance) can be obtained as

2
dnyp(X,y) = 7 arctanh (v/¢ || —x @, y||). (2.17)

Hyperbolic embedding for features has been proposed for datasets that have some
underlying tree structure [94]. The paper [95] derives hyperbolic versions of several
deep learning tools, including multinomial logistic regression, feed-forward networks,
and recurrent networks. In the field of natural language processing, [96] and [97]
introduce feature embeddings with hyperbolic models. In the field of deep graph
learning, HGCN [91] considers hyperbolic node embeddings in graph neural networks.
GIL [98] proposes to use weighted embedding features in both Euclidean and
hyperbolic spaces. In the computer vision community, [99] uses pair-wise cross-
entropy loss with hyperbolic distances to train the vision transformer [25], and [92]
considers hyperbolic embeddings in the semantic segmentation task. More recently,

hyperbolic embeddings have also been studied for the 3D point cloud [93], where
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the 3D point cloud is treated as natural compositions of small parts that follow the
hierarchical architecture. This motivates us to introduce hyperbolic embeddings in

our pipeline for better feature representations.






Chapter 3

Single-Modal Camera Localization

Cameras are one of the most widely used sensors for environmental perception in
visual localization tasks. However, as passive sensors, they are highly sensitive to
environmental changes such as lighting variations, weather conditions, and other
external factors. These perturbations can often lead to significant degradation in

localization accuracy, particularly in challenging and dynamic environments.

Many existing camera localization methods |2, 22, 30, 31] fail to adequately ad-
dress the sensitivity of cameras to these environmental changes. As a result, their
models tend to underperform in such adverse conditions. In addition, the temporal
consistency between different frames is not effectively explored, which results in

unsatisfactory performance in multi-frame localization scenarios.

To mitigate these challenges, we propose the integration of neural ODEs into the
feature extraction pipeline. Neural ODEs naturally provide robustness that stabi-
lizes the feature extraction process under challenging conditions. In addition to
this, expanding the perception FOV is another effective strategy for improving
robustness, as it incorporates additional scene information to better handle environ-
mental perturbations. To achieve this, we employ GNNs to aggregate and integrate
information from neighboring visual features. GNNs enhance the model’s ability to
capture spatial relationships and contextual details, which help further strengthen
the model’s robustness in dynamic environments. In this chapter, we present a
camera localization framework that leverages both neural ODEs and GNNs. This
combination results in superior pose estimation accuracy and significantly improves

robustness in challenging driving scenarios.

29
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3.1 Introduction

Camera pose regression treats visual localization as a regression problem, where the
network takes an image as input and outputs the camera’s 6-DoF pose relative to a
given coordinate frame. This problem is critical for applications such as autonomous
driving and augmented reality, where accurate and real-time localization is essential

for safe navigation in dynamic environments.

The pioneering work PoseNet [2] introduces a CNN-based approach to extract
features from a single image and directly regress the camera’s 6-DoF pose. While
this approach marks a significant milestone, it struggles in real-world scenarios,
especially in environments with dynamic elements, changing lighting conditions, and
seasonal variations. These environmental perturbations can degrade the performance
of camera pose regression models, making them unreliable for autonomous driving

in complex conditions.

To address some of these limitations, more advanced approaches have extended the
input from a single image to multiple views. For example, MapNet [28| improves
performance by integrating visual odometry as a post-processing step to refine
the pose trajectory. However, this reliance on pre-computed odometry limits its
lightweight operation. GNNMapNet [100] takes this further by leveraging GNNs to
allow images to interact with their neighboring frames, but it still faces challenges
in handling extreme environmental perturbations and does not fully exploit the

temporal consistency available in multi-frame inputs.

To tackle these issues, we introduce neural ODEs into the feature extraction process.
Neural ODEs offer intrinsic robustness, helping to stabilize feature extraction under
challenging conditions. Additionally, increasing the FOV emerges as an effective
strategy for enhancing robustness, as it brings in more scene information, helping to
address input noise. To implement this, we leverage GNNs to aggregate information
from neighboring visual features, enabling the model to capture spatial relation-
ships and contextual details more effectively. This also expands the FOV through
neighboring features, reinforcing the model’s robustness in dynamic environments.
By incorporating neural ODEs and GNNs, we propose RobustLoc for robust camera

localization in challenging conditions.
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We evaluate RobustLoc on three challenging autonomous driving datasets, including
scenarios with severe weather conditions and sensor noise, and demonstrate that it
significantly outperforms existing state-of-the-art (SOTA) camera pose regression
models. Through extensive ablation studies, we also provide insights into the
effectiveness of each component, including the contribution of neural ODEs and

multi-view information aggregation.

Our main contributions are summarized as follows:

e We propose a graph-based framework for camera pose regression that integrates
neural ODEs and GNNs to enhance the robustness of feature extraction
under environmental perturbations. We introduce feature diffusion blocks at
both the feature map and embedding stages, ensuring robust propagation of

information.

e We present a multi-level training strategy with branched decoders to further
refine pose regression and provide robustness across varying input conditions.
Extensive experiments on noisy, real-world datasets demonstrate that Ro-
bustLoc achieves state-of-the-art performance in challenging conditions. We
also conduct ablation studies to highlight the importance of each module and

provide insights into the model’s robustness.

3.2 Methodology

In this section, we provide a detailed description of our proposed camera pose
regression approach. We assume that the input is a set of images {I;};cyviev that
may be covisible (see Fig. 3.1).1 Our objective is to perform camera pose regression

on the input images.

3.2.1 RobustLoc Overview

We first summarize our multi-view camera pose regression pipeline, which can be

decomposed into three different stages, as follows (see Fig. 3.2 and Fig. 3.3):

! Notations: We use [NV®V] to denote the set of integers {1,2,..., NVi*¥} We use boldfaced
lowercase letters like m to denote vectors and boldface capital letters like W to denote matrices.
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% ® 5 @,

spatially/temporally nearby  frames shared from other spatially
frames of a single vehicle nearby transportation agents

FIGURE 3.1: Multi-view camera pose regression with neighboring information,
without the need for any database.
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FIGURE 3.2: The main architecture of RobustLoc. Feature diffusion is performed
at both the feature map stage and the vector embedding stage. The branched
decoder regresses the 6-DoF' poses based on the vector embeddings or the pooled
feature maps. The details for multi-layer decoding are shown in Fig. 3.3.

1. Given N neighboring images, a CNN extracts the feature maps of all these
images. Our proposed feature map diffusion block then performs cross-self

diffusion on the feature maps.

2. After feature map diffusion, a global average pooling module aggregates the
feature maps as vector embeddings, which contain global representations of
these images. Similarly, those vector embeddings are then diffused by cascaded
diffusion blocks.

3. Based on the vector embeddings, the branched decoder module regresses the
output camera poses. During training, decoding is performed on multiple

levels to provide better feature constraints.
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3.2.2 Neural Diffusion for Feature Maps

The input images {I;};c|yview) are passed through a CNN to obtain the feature
maps {m; € R¥ XWXC}ZE[NWCW]. Here, C is the channel dimension, while H and
W are the dimensions of a feature map. For each feature map m;, we denote its
j-th element as m; ; € RY, j € [HW]. We next describe the feature map diffusion
block, where we perform cross-diffusion from node to node in a graph and self-
diffusion within each node. The two diffusion processes update the feature map
by leveraging the neighboring information or only using each node’s individual

information, respectively.

3.2.2.1 Cross-Diffusion Dynamics

To support the cross-diffusion over feature maps, we formulate the first graph in

our pipeline as:
gfeat _ (erat7(c/’feat)’ (31)

where the node set Vet = {my ;} j)e[vviev)« () contains element-wise features
m; ; and the edge set £ is defined as the complete graph edges associated
with attention weights as discussed below. The complete graph architecture is

demonstrated to be an effective design shown in Table 3.6.

To achieve robust feature interaction, we next define the cross-diffusion process as:

dx(t)

d—t = fcross(x(t))7 (32)

where fi055(X(%)) is a neural network and can be approximately viewed as a neural
PDE with the partial differential operations over a manifold space replaced by the
attention modules that we will introduce later. We denote the input to the feature
map diffusion module as the initial state at t = to as x(to) = {mivj}(i,j)e[N"ieW]x[HW}’

where x(t) = {my;(£)}; jcinview)x ) denotes the hidden state of the diffusion.

The diffusion process is known to have robustness against local perturbations of
the manifold, where the local perturbations in our camera pose regression task
include challenging weather conditions, dynamic street objects, and unexpected

image noise. Therefore, the diffusion-based module (3.2) can be simultaneously
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capable of leveraging the neighboring image information and holding robustness

against local perturbations.

We next introduce the computation of attention weights in fe0s(x(t)) for node
features at time t. We first generate the embedding of each node using multi-head
fully connected (FC) layers with learnable parameter matrix Wy, and bias by, at
each head k = [K], where K is the number of heads. The output at each head k
can be written as:

mffk(t) = W;m, ;(t) + by. (3.3)
The attention weights are then generated by computing the dot product among all

the neighboring nodes using the features {mZFJCk(t)} (.4)EINYew ] X (HW]' We have

Lagg),@nx®) argen,;

= SoftmaX(,-/’j/)eN(,-’j) (ngk (t) . ml-F/‘S-/;k (t) ), (34)

where N; ; denotes the set of neighbors of node m,; ;. Let

weighted
(i’,j’)E./V’i,j

Finally, the updated node features are obtained by concatenating the weighted node

features from all heads as

feross(x(0)) = 3 || (35 0)) . (3.6)

kelK] (i, E[NView)x [HW]

Based on the above pipeline, the output of the cross-diffusion at time ¢ = ¢; can be

obtained as:

X(tl) = Fcross(x(tO))v (37>

where Fios5( - ) denotes the solution of (3.2) integrated from ¢ =ty to ¢t = t;.
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3.2.2.2 Self-Diffusion Dynamics

In the next step, we update each node feature independently. The node-wise feature
update can be regarded as a rewiring of the complete graph to an edgeless graph,

and the node-wise feature update is described as:

And the output of self-diffusion can be obtained as:

m@j(tg) = Fself(m@j(tl)). (39)

where Fi¢(-) denotes the solution of (3.8) integrated from ¢ = ¢; to t = to. As
neural ODEs are robust against input perturbations [78|, the updating of each node
feature according to the self-diffusion (3.8) can be robust against perturbations like

challenging weather conditions, dynamic street objects, and image noise.

3.2.3 Vector Embeddings and Diffusion

After the feature map neural diffusion, we feed the updated feature maps into a
global average pooling module to generate the vector embeddings {h; € Rc}ie[]\[view},

where
h;, = Pooling(m;). (3.10)

Each vector embedding contains rich global representations for the input image
together with the information diffused from the neighboring images. To enable
diffusion for the global information, we propose to design the vector embedding

graph as:

gvect _ (Vvect’ gvect)’ (311)
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where the node set V¥ = {h;},c[yview) contains image vector embeddings h; and
the edge set £¥°°' is also defined to be the complete graph. Based on this graph
G¥eet . we construct the cascaded diffusion blocks, to perform global information
diffusion. Within the cascaded blocks, each basic diffusion block consists of two
diffusion layers: a cross-diffusion layer and a self-diffusion layer, similar to the two

diffusion schemes introduced at the feature map diffusion phase.

3.2.4 Pose Decoding

In this subsection, we explain the pose decoding operations.

3.2.4.1 Branched Pose Decoder

Each camera pose {d,r} € R consists of a 3-dimensional translation d € R* and
a 3-dimensional rotation r € R3. Thus camera pose regression can be viewed as a
multi-task learning problem. However, since the translation and rotation elements
do not scale compatibly, the regression converges in different basins. To deal with
it, previous methods consider regression for translation and rotation respectively.

In our paper, we also follow this insight to design the decoder.

Firstly, the feature embeddings {hg, h,} for translation and rotation are extracted

from the feature embedding h using different non-linear MLP layers as:

hg = MLPg4(h), (3.12)

h, = MLP.(h), (3.13)

Thus, the features of translation and rotation are decoupled. Next in the second

stage, the pose output can be regressed as:

pose = W (hg H h,)+b (3.14)
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where W, b are learnable parameters. During training, we compute the regression
loss of decoded poses from multiple levels, which we will introduce below. During

inference, we use the decoded pose from the last layer as the final output pose.

3.2.4.2 Multi-level Pose Decoding Graph

To better regularize the whole regression pipeline, we propose to leverage the feature
maps at multiple levels. As shown in Fig. 3.3, at the vector embedding stage, we use
the vector embeddings to regress the poses, while at the feature map stage, we use
the feature maps. Denoting the feature maps at layer [ as {m! € RF*WXC}, iew,

the pose decoding graph at layer [ can be formulated as:
gpose,l — ()}pose,l7 Spose,l)’ (315)

where edge set EP*%! is defined to be connected with two spatially adjacent nodes
which can be viewed as the odometry connection, while the node set VP°®! is defined

depending on layers since the information used to regress poses is different:

hl’ i view f l - L,
yposed :{ thilicpyer | (3.16)

{mé}ie[]\[view] OtherWise7
where L represents the last layer in our network.

At the last layer where there are vector embeddings, we can directly apply the pose
decoder to generate absolute pose messages. By contrast, at feature map layers,
we first apply a global average pooling module on the feature maps to formulate

feature vectors, and pose messages can be obtained using the pose decoder:

pose; = (3.17)

l { féecoder(hi') if [ = L7

f(liecoder (POOhng(mi ) ) otherwise.

where fl . 4o () is the pose decoder at layer [. Using the simplified relative pose
computation technique, the relative pose messages poselm-, at layer [ can be generated

as:

I ! !
pOse; ; = pose; — Pose;. (3.18)
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FI1GURE 3.3: Multi-level pose decoding. Decoding can be directly applied to
vector embeddings. Feature maps are first pooled and then decoded.

By leveraging multi-layer information, not only the last layer but also the preceding
middle-level layers can directly learn the implicit relation between images and poses,

which helps to improve the robustness against perturbations.

3.2.5 Loss Function

We use a weighted balance loss for translation and rotation predictions. For the
i-th input image, we denote the translation and rotation targets as d} € R?® and
ri € R? respectively. Then the absolute pose loss term £! and the relative pose loss

term ﬁi , at decoding layer [ are computed as:

£ =t - a

! *
+ ||rf = x]

exp(—a') + o (3.19)
exp(—ﬁl) + ﬁla
‘C'li,i/ = Hdl o d;i/ eXp(—,Ol) + pl 5 (320)

exp(—Ah) + !

l

T

*
—TI. .,
1,0
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Loyl

17 77

where d dé i,,rl are outputs at layer [, while of, 5, p!, \ are all learnable

.
2,0

parameters at layer [. Finally, the overall loss function can be obtained as:

L= ch+rct (3.21)
> 2 L+

le{3,4,L} sg[Nview] i’ e Nt

where A is the neighborhood of node i in GrPese!,

3.3 Experiments

In this section, we first evaluate our proposed model on three large autonomous
driving datasets. We next present an ablation study to demonstrate the effectiveness

of our model design.

3.3.1 Datasets and Implementation Details

3.3.1.1 Oxford RobotCar

The Oxford RobotCar dataset[101] is a large autonomous driving dataset collected
by a car driving along a route in Oxford, UK. It consists of two different routes: 1)
Loop with a trajectory area of 8.8 x 10*m? and length of 10°m, and 2) Full with a

trajectory area of 1.2 x 10°m? and length of 9 x 10°m.

3.3.1.2 4Seasons

There are only a few existing methods designed for robust camera pose regression
in driving environments, and the experiment on the Oxford dataset is insufficient
for comparison. Thus we also conduct experiments on another driving dataset to
cover more driving scenarios. The 4Seasons dataset [102] is a comprehensive dataset
for autonomous driving. It was collected in Munich, Germany, covering varying
perceptual conditions. Specifically, it contains different environments including the
business area, the residential area, and the town area. In addition, it consists of a

wide variety of weather conditions and illuminations. In our experiments, we use 1)
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Business Campus (business area), 2) Neighborhood (residential area), and 3) Old

Town (town area).

3.3.1.3 Perturbed RobotCar

To further evaluate the performance under challenging environments, we inject
noise into the RobotCar Loop dataset and call this the Perturbed RobotCar dataset
as shown in Fig. 3.4. We create three scenarios: 1) Medium (with a mixture of
noises: fog, snow, rain, and spatter on the lens), 2) Hard (with added Gaussian
noise), and 3) Hard (+ noisy training) (i.e., training with noisy augmentation). All

augmentations are implemented using the imgaug package 2.

Original Medium Hard

FIGURE 3.4: Visualization of the Perturbed RobotCar dataset. Medium is with
a mixture of noises: fog, snow, rain, and spatter on the lens. Hard is with added
Gaussian noise.

3.3.1.4 Implemention Details

We use ResNet34 as the backbone, which is pre-trained on the ImageNet dataset.
We set the maximum number of input images as 11. We resize the shorter side of
each input image to 128 and set the batch size to 64. The Adam optimizer with

a learning rate 2 x 10™* and weight decay 5 x 107* is used to train the network.

’https://github.com/aleju/imgaug
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Loop (cross-day) Loop (within-day) Full

Model Mean Median Mean Median Mean Median
® GNNMapNet + post.[100] 7.96 / 2.56 - - - 17.35 / 3.47 -
be] ADPoseNet[29] - - - 6.40 / 3.09 - 33.82 / 6.77
A | ADMapNet[29] - - - 6.45 / 2.98 - 19.18 / 4.60
+ MapNet+[28] 8.17 / 2.62 - - - 30.3 /7.8

MapNet+ + post.[28] 6.73 / 2.23 - - - 29.5 / 7.8 -
0 GeoPoseNet[22] 27.05 / 18.54 6.34 / 2.06 - - 125.6 / 27.1 107.6 / 22.5
T | MapNet[28] 9.30 / 3.71 5.35 / 1.61 - - 41.4 /125  17.94 / 6.68
8 | LsG[103] 9.08 / 3.43 - - - 31.65 / 4.51 -
= | AtLoc[30] 8.74 / 4.63 5.37 / 2.12 - - 20.6 / 12.4 11.1 / 5.28
o | AtLoc+[30] 7.53 / 3.61 4.06 / 1.98 - - 21.0 / 6.15 6.40 / 1.50
£ | CoordiNet[31] - - 4.06 /144 242 /0.88 14.96 /574 3.55 / 1.14

RobustLoc (ours) 4.68 /2.67 3.70 /1.50 2.49 / 1.40 1.97/ 0.84 9.37 / 2.47  5.93 / 1.06

TABLE 3.1: Median and mean translation/rotation estimation error (m/°) on the
Oxford RobotCar dataset. The best and the second-best results in each metric
are highlighted in bold and underlined respectively. “~” denotes no data provided.

Data augmentation techniques include random cropping and color jittering. We set
the integration times ty = 0, t; = 1, and ¢, = 2. The number of attention heads is 8.

We train our network for 300 epochs. All of the experiments are conducted on an
NVIDIA A5000.

3.3.2 Main Results

On the Oxford RobotCar dataset, as shown in Table 3.1, we obtain the best
performance in 10 out of 12 metrics. Using the mean error, which is easily influenced
by outlier predictions, RobustLoc outperforms the baselines by a significant margin.
In the most challenging route Full, to the best of our knowledge, RobustLoc is the

first to achieve less than 10m mean translation error for camera pose regression.

The 4Seasons dataset consists of more varied driving scenes. As shown in Table 3.2,
RobustLoc achieves the best performance in 11 out of 12 metrics. Again, using the

mean error metric, RobustLoc outperforms the baselines by a significant margin.

On the Perturbed RobotCar dataset, where the images contain more challenging
weather conditions and noisy perturbations, RobustLoc achieves the best in all

metrics. The superiority of RobustLoc over other baselines is more obvious in

Table 3.3.
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Model Business Campus Neighborhood Old Town
Mean Median Mean Median Mean Median

GeoPoseNet|[22] 11.04 / 5.78 5.93 / 2.03 2.87 / 1.30 1.92 / 0.88 64.81 / 6.67 15.03 / 1.57
MapNet[28] 10.35 / 3.78 566 /1.83 281 /105 1.89/092 46.56 /7.14  16.52 / 2.12
GNNMapNet[100] 7.69 / 4.34 5.52 / 2.16 3.02 /2.92 2.14 / 1.45 41.54 / 7.30 19.23 / 3.26
AtLoc[30] 11.53 /484 5.81 / 1.50 2.80 / 1.16 1.83 / 0.93 84.17 / 7.81 17.10 / 1.73
AtLoc+[30] 13.70 / 6.41  5.58 / 1.94 2.33 / 1.39 1.61 / 0.88 68.40 / 5.51 14.52 / 1.69
IRPNet[104] 10.95 / 5.38  5.91 / 1.82 3.17 / 2.85 1.98 / 0.90 55.86 / 6.97 17.33 / 3.11
CoordiNet[31] 11.52 /3.44 6.44/1.38 1.72/0.86 1.37/0.69  43.68/3.58 11.83/1.36
RobustLoc (ours) | 4.28 / 2.04 2.55 /150 1.36 /0.83 1.00,/0.65 21.65/2.41 5.52/1.05

TABLE 3.2: Median and mean translation/rotation estimation error (m/°) on
the 4Seasons dataset. The best and the second-best results in each metric are
highlighted in bold and underlined respectively.

Model Medium Hard Hard (+ noisy training)
Mean Median Mean Median Mean Median
GeoPoseNet[22] 2047 / 876 870 /230 41.71 /17.63  14.02 /3.13  24.03 /11.14 7.14 /1.70
MapNet[2§] 17.93 /701 6.89 /2.00 49.36 / 20.01  18.37 /258  21.22 /838  6.38 / 1.97
GNNMapNet[100] | 16.17 / 7.24  8.02 /2.35  73.97 / 3557 61.47 / 10.73  14.55 / 7.62  6.69 / 1.57
AtLoc[30] 19.92 /725 726/ 174 5256 /2346 1501 /3.17 2348 /1143  7.42 /2.38
AtLoc+[30] 17.68 /748 619 /1.80 37.92/18.65 1217 /293 2261 /1123 6.21 /1.83
IRPNet[104] 16.35 / 7.56 871 /2.28 4572 /21.84  17.99 / 3.50  24.73 / 11.20  6.73 / 1.82
CoordiNet[31] 17.67 / 6.66  7.63/1.79  44.11 /1642 17.21 /270  24.06 / 12.27  6.25 / 1.61
RobustLoc (ours) | 8.12 / 3.83 5.34 /1.53 27.75/9.70 11.59 /2.64 10.06 / 4.95 5.18 / 1.43

TABLE 3.3: Median and mean translation/rotation estimation error (m/°) on
the Perturbed RobotCar dataset. The best and the second-best results in each
metric are highlighted with bold and underline respectively. RobustLoc achieves

the best in all metrics.

3.3.3 Analysis
3.3.3.1 Ablation Studies

We justify our design for RobustLoc by ablating each module. From Table 3.4,
we observe that every module in our design contributes to the final improved
estimation. We see that making use of neighboring information from covisible
frames and learning robust feature maps contribute to more accurate camera pose

regression.

3.3.3.2 Diffusion Modules

We also test different combinations of diffusion modules in Table 3.5. The order
of cross-diffusion and self-diffusion does not impact the performance significantly.

Among them, the cross-diffusion part would contribute more than the self-diffusion
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Method Mean Error (m/°) on Loop (c.)
base model 8.38 / 4.29
+ feature map graph 7.01 / 3.86
+ vector embedding graph 6.24 / 3.21
+ diffusion 5.53 / 2.95
+ branched decoder 5.14 / 2.79
+ multi-level decoding 4.68 / 2.67
diffusion at stage 3 5.27 / 2.90
diffusion at stage 3,4 4.86 / 3.18
diffusion at stage 4 4.68 / 2.67
multi-layer concatenation 5.80 / 3.26
more augmentation 4.68 / 2.67
less augmentation 5.32 / 3.17

TABLE 3.4: Ablation study, diffusion design, and augmentation design comparison
on the Oxford RobotCar dataset.

part, as it leverages neighboring frames that consist of more information than a

single frame.

Method ‘ Mean Error (m/°) on Loop (c.)
self-diffusion only 6.18 / 3.27
cross-diffusion only 5.47 / 3.02
self-diffusion. + cross-diffusion 4.77 / 2.69
cross-diffusion + self-diffusion 4.68 / 2.67

TABLE 3.5: Results of using different diffusion modules.

3.3.3.3 Salience Visualization

Salience maps shown in Fig. 3.5 suggest that in driving environments, RobustLoc
pays more attention to relatively robust features such as the skyline and the road. In
addition, dynamic objects such as vehicles are implicitly suppressed in RobustLoc’s

regression pipeline.

3.3.3.4 Diffusion and Augmentation

Using multi-level features is an effective method in dense prediction tasks such

as depth estimation. To test if this holds in camera pose regression, we use the
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useful
ignore

FIGURE 3.5: Robust features from RobustLoc.

feature maps from the lower stage 3 (see Fig. 3.3), which however does not lead
to performance improvement shown in Table 3.4. We also utilize the multi-level
concatenation strategy used in GNNMapNet. This does not lead to significant
changes. These experiments demonstrate that camera pose regression benefits more
from high-level features with more semantic information than from low-level local
texture features. Finally, we test the performance when training with less data
augmentation, which leads to worse performance. This suggests that more extensive
data augmentation can enhance the model robustness in challenging scenarios,
which is consistent with the experimental results on the Perturbed Robotcar dataset
in Table 3.3.

3.3.3.5 Graph Design

We next explore the use of different graph designs for feature map diffusion and
vector embedding diffusion. The grid graph stacks an image with two other spatially
adjacent images as a cube, and the attention weights are formulated within the
6-neighbor area (for feature maps) or the 2-neighbor area (for vector embeddings).
The self-cross graph computes attention weights first within each image and then
across different images. From Table 3.6, we see that the complete graph has the best
performance. This is because, in the complete graph, each node can interact with
all other nodes, allowing the aggregation of useful information with appropriate

attention weights.

3.3.3.6 Rotation Representation

We compare different representations of rotation in Table 3.6, where the log form

of the quaternion is the optimal choice. The other three representations, including
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Method ‘ Mean Error (m/°) on Full

grid graph 15.67 / 2.95

self-cross graph 15.31 / 3.28

complete graph 9.37 / 2.47

| Mean Error (°) on Business Campus

quaternion 2.23

Lie group 2.20

rotation matrix 2.25

log (quaternion) 2.04

TABLE 3.6: Graph design comparison on the Oxford RobotCar dataset and
rotation representation comparison on the 4Seasons dataset.

the vanilla quaternion, the Lie group, and the vanilla rotation matrix, show similar

performance.

3.3.3.7 Trajectory Visualization

We visualize the output pose trajectories as shown in Fig. 3.6, where a significant
gap can be seen from the comparison. RobostLoc outputs more smooth and globally
accurate poses compared with the previous method, which shows the effectiveness

of our design.

Loop (cross-day)

AtLoc+

RobustLoc

FIGURE 3.6: Trajectory visualization on the Oxford RobotCar dataset. The
ground truth trajectories are shown in bold blue lines, and the estimated trajec-
tories are shown in thin red lines. The stars mark the start of the trajectories.
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#frames ‘ 3 5) 7 9 11

Speed (iters/s) 56 55 53 52 50
Mean Error (m) | 5.28 5.09 4.96 4.68 4.72

TABLE 3.7: The performance using different numbers of frames on the Oxford
RobotCar Loop (cross-day).

3.3.3.8 Inference Speed

We finally test the performance using a different number of input frames. The
inference speed does not drop significantly when increasing the input frames. And
even the slowest one (using 11 frames) can run 50 iterations per second and
achieve real-time regression. On the other hand, more frames can bring performance
improvement when the input size is small, while further increasing frame size does

not bring significant change.

3.4 Conclusion

We have proposed and verified the performance of a robust camera pose regression
model RobustLoc. The model’s robustness derives from the use of information from
covisible images and neural graph diffusion to aggregate neighboring information,
which is present in challenging driving environments. Extensive experimental results

demonstrate that RobustLoc achieves SOTA performance.



Chapter 4

Single-Modal LiIDAR Localization

In Chapter 3, we introduce RobustLoc, a pose regression network that takes camera
images as input. While cameras are widely used for their rich semantic information
and high spatial resolution, they are passive sensors that rely heavily on illumination.
As a result, camera-based localization systems are highly susceptible to illumination
changes, which can lead to significant performance degradation under varying

lighting conditions.

By contrast, LiDARs serve as another basic key sensor for visual localization.
Unlike cameras, which passively capture images, LiDARs actively emit laser scans
to gather spatial data from the environment, making them less susceptible to
environmental changes such as variations in illumination. However, the produced
3D point clouds present unique challenges due to their unordered and sparse nature,
which is fundamentally different from the structured 2D images commonly used in

localization tasks.

Effectively utilizing point cloud data for localization remains a challenge. Existing
approaches [3, 38| primarily focus on point-wise networks to extract features from
point clouds but often overlook the inherent 2D projection properties of these data.
Furthermore, these approaches typically restrict feature extraction to Euclidean
space, leaving the potential insights from non-Euclidean spaces under-explored.
Addressing these gaps is crucial for improving the performance of LiDAR-based

visual localization.

To address these challenges, we employ two distinct feature extraction backbones

for point clouds: a vanilla point-wise backbone and a spherical projection-based

47
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backbone. This dual approach enables the exploration of both explicit 3D spatial
information and implicit 2D projection properties. Additionally, we embed the
extracted features into both Euclidean and hyperbolic spaces, allowing us to capture
richer spatial structures in point clouds. This multi-space feature embedding further
enhances the model’s ability to fully leverage the spatial information for effective

visual localization.

4.1 Introduction

In Chapter 3, we present RobustLoc, a camera-based pose regression network.
However, while cameras provide rich RGB visual information, they are highly
sensitive to environmental factors such as low illumination, light reflections, and
adverse weather conditions, which can degrade the accuracy of localization. Cameras
also capture dense and textured data that can be challenging to process when the

environmental conditions are unfavorable.

In contrast, LiDAR sensors provide a more robust alternative, as they actively emit
laser beams to measure the depth and distance of surrounding objects, making them
less vulnerable to changes in environmental conditions. LiDARs are particularly
effective in low-light environments or situations where visual details are sparse.
Despite these advantages, LIDAR data comes in the form of sparse, unordered point

clouds, which pose significant challenges for feature extraction in localization tasks.

Existing LiDAR-based pose regression networks, such as PointLoc [3] and Memory-
Aware LiDAR Localization [38], primarily rely on point-based feature extraction
methods, which treat each point in the cloud as an independent entity. While this
approach works well in certain situations, it fails to account for the spatial structure
and relationships between neighboring points, particularly when considering the
neighborhood in a 2D projection format. This can lead to suboptimal performance
in complex environments where geometric information is crucial for localization.
Furthermore, most existing methods only operate within Euclidean space, limiting
their ability to explore the intricate geometric properties of point clouds that may

reside in non-FEuclidean spaces.

To address these limitations, we propose HypLiLoc, a LiDAR~based pose regression

network that incorporates a more comprehensive approach to feature extraction.
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HypLiLoc is designed to handle the sparsity and unstructured nature of point
clouds while capturing both local and global geometric features from multiple
perspectives. Our method features a parallel feature extraction design, where point
cloud features are learned in both 3D and 2D spaces. Specifically, we apply a 2D
spherical projection of the point cloud, which allows us to capture neighborhood

relationships that are often overlooked by purely point-based methods.

Moreover, to fully leverage the geometric properties of the point cloud, we embed
the features into both Euclidean and hyperbolic spaces. This multi-space learning
framework allows us to exploit the curvature of the underlying feature manifold,
thereby enabling HypLiLoc to capture richer geometric information from the point
cloud. The inclusion of hyperbolic space is particularly important for representing
hierarchical and structured data, as it provides a more natural space for encoding

features with complex, non-linear relationships.

Our main contributions are summarized as follows:

e A novel LiDAR-based pose regression network, HypLiLoc: HypLiLoc features
a dual-backbone design, with one branch extracting 3D features directly from
the point cloud and another extracting 2D features from a spherical projection.
This parallel design enables the network to capture both local and global

spatial relationships in the data.

e Multi-space learning for feature extraction: We introduce a novel multi-space
learning approach that embeds features into both Euclidean and hyperbolic
spaces. By leveraging both types of spaces, we capture a wider range of
geometric properties from the point cloud, enabling more accurate and robust

pose estimation.

4.2 Methodology

In this section, we provide a detailed description of our proposed approach. We first

summarize the HypLiLoc pipeline as follows.

1. Given a LiDAR point cloud scan, in addition to the traditional backbone of
extracting 3D features from the point cloud, we additionally project the 3D
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points into a sphere to generate a 2D projection image. These two types of

features are extracted by separate backbones.

2. We merge the two modal features together as the fusion features. The fusion
features are then embedded in both Euclidean and hyperbolic spaces to achieve

more effective representations.

3. After features interact in different spaces and modalities, the global feature
vector is obtained by applying the global average pooling operation on the
fusion features. The final pose prediction is generated using the global feature

vector with the pose regression head.

4.2.1 Modal-Specific Backbones

Projection Feature Extraction. Multi-modal feature extraction has shown
promising performance in various tasks [105]. The point cloud generated by LiDARs
is convertible into multiple modalities by projecting 3D points into specific 2D
spaces. Each projection provides us with a different way to define the neighbors
of a point so that the point can aggregate feature representations from different
definitions of its “neighborhood” (Fig. 4.1). To this end, we consider two typical

projection methods, including the spherical projection and the BEV projection.

3D LiDAR point cloud BEV projection image
FIGURE 4.1: Visualization of the spherical and BEV projection methods.

We test the two projection counterparts in Section 4.3.4, where the spherical

projection performs better than the BEV. The reason could be that LiDARs
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operate with the spinning mechanism, which is better modeled by the spherical
projection. By contrast, the BEV projection loses information as some points are

stacked on the same pixel and is thus not a bijective mapping.

In the following discussion, we use the spherical projection strategy in our pipeline.
We treat the spherical projection points as the image modality input, while the 3D
features are extracted directly from the point cloud in a separate backbone that
we will introduce later. Following the golden rule for 2D image processing, we use
ResNet [23] as the backbone for the image modality. Denoting the ResNet backbone
as f*1(.), the final spherical projection features FsPh € RH™"*W*"xC g1 obtained

as:

Fsph — fSph (Isph> . (4 1)

3D Feature Extraction. Effective 3D point feature extraction is critical in the
model design. PointNet-++ [37] has shown promising performance in various tasks
[3]. In our pipeline, we use PointNet++ as the backbone branch for 3D feature

extraction.

PointNet++ only considers the neighboring information within a determined range,
i.e., in the set abstraction (SA) layer, each centroid uses the maximum neighboring

feature value as its updated feature as shown in Fig. 4.2.

a set abstraction graph attention (SAGA) layer

set abstraction (SA) graph attention (GA) centroids
centroids aggregate for all centroids with updated features
3D ball neighborhood

FIGURE 4.2: The SAGA layer consists of a SA layer and a GA layer.
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In pose regression, the estimation accuracy of the pose benefits from an effective
global representation. Thus to enable PointNet++ to additionally aggregate more
global information, we introduce an additional graph attention (GA) layer after
each SA layer to build the set abstraction graph attention (SAGA) layer as shown
in Fig. 4.2. In this GA layer, we construct a complete graph whose node set
contains all centroids from the SA layer. We denote the output of the SA layer as
FSA € RV O™ with NSA centroids, each with a CSA-dimensional feature vector.

We first use a Fully-Connected (FC) layer to generate the multi-head features:
F3ATC — FSAW, + by, (4.2)

where W, and by, are a linear operation and an additive bias, respectively. These
are learnable parameters of the k-th head. Then the attention weight matrix
A; € RV™XN* can be obtained by computing the dot product among all the

neighboring nodes:
A} = Softmax (FiAFCFgAFCT), (4.3)

where Softmax(-) denotes the row-wise softmax function. The output features
of the GA layer F¢A ¢ RV X0 are generated by concatenating the weighted

features from all heads as:

FON = || AN, (4.4)
k

where || denotes the concatenation operation. We then stack L3P such SAGA layers
to build the 3D features extraction backbone. We denote the final output features

as F3P € RVN*"*C shown in Fig. 4.3.

4.2.2 Hyperbolic Feature Learning

The two-branch design introduced in Section 4.2.1 can be regarded as a combination
of both Euclidean (vanilla 3D backbone) and spherical (2D spherical projection
backbone) spaces with zero and positive curvatures respectively. We can further
expand to explore hyperbolic space with negative curvatures to further exploit
various features. In this subsection, we first state the motivation for such hyperbolic

feature learning. We then introduce the hyperbolic embedding operators that will
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FIGURE 4.3: The overall architecture of our proposed HypLiLoc. We use two
backbone branches to perform feature extraction. In the 3D backbone, we consider
both local set abstraction and global attention aggregation. In the feature fusion
block, the extracted multi-modal features are embedded into both Euclidean and
hyperbolic spaces to achieve space-specific interaction. The fusion features are
then decoupled to their own modality to perform modal-specific interaction. The
final training loss is applied on both the 3D /projection level and the final fusion
level.

be used in Section 4.2.3 to fuse features extracted from the 3D LiDAR point cloud
and spherical LiDAR projection in Section 4.2.1.

Motivation. After feature extraction using the two backbone branches, we need
an effective fusion strategy to consider both point features and projection features.
Embedding in a hyperbolic space has recently gained increased interest and shown
promising performance in various fields [91, 92|. The paper [93] argues that 3D
point cloud objects possess inherent hierarchies due to their nature as compositions
of small parts, which can be embedded in the hyperbolic space. Following this
motivation, we consider leveraging the hyperbolic embedding method in our pipeline,
such that features can be equipped with more various representations that come
from different embedding spaces. Our ablation study (cf. Table 4.3 of Section 4.3.4)
also indicates that hyperbolic embedding can lead to improvements in the pose

estimation accuracy.
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4.2.3 Feature Fusion Block

Based on the above-mentioned motivation, we propose the feature fusion block
(FFB) to achieve effective feature interaction. Each FFB conducts both space-
specific interaction and modal-specific interaction alternatively, which is similar to
the commonly used cross-self-attention operation. We stack L such FFBs in our

pipeline.

Feature Merging. Given the extracted 3D features F3P and spherical projection
features F**"' we first pass them through an ¢, normalization layer such that all
features are constrained on a sphere. This is a common way to process multi-modal
data [105]. We then formulate a fusion graph with complete edge connections, in
which each node contains features from either F3P or F**' In addition, to enable
features to interact directly with the global representation, we add two extra node
features that are processed by the global average pooling module. The fusion graph

node features are collected in the following set:

Fmerge _ {F3D, Fsph7 Poohng(FgD), POOlng(FSph) } . (45)

Space-specific Interaction. We embed the fusion features F™*¢ into the Eu-
clidean and hyperbolic spaces as FH = exp§(F™'s®) (where the exp operator is
applied node-wise) and FE = Fmere¢ respectively, to perform feature interaction
using GA layers. Specifically, in the same way as (4.2), we obtain the k-th head FC
features for F2 or FE, denoted as FE©. We additionally leverage a learnable matrix
M regarded as a feature relationship metric such that the attention weights are

computed as:
AM = Softmax (FECMFECT>. (4.6)

In Riemannian geometry, a Riemannian metric on a smooth manifold is a smooth
symmetric covariant 2-tensor field that is positive definite at each point. The
learnable matrix M can be viewed as a more general extension of the Riemannian
metric, where we do not impose any constraint on it, leaving it to update freely.
The effectiveness of this design can be seen in Table 4.5, where the free metric

surpasses other counterparts.
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The learned feature embeddings from the Euclidean and hyperbolic spaces are then
passed into two different GA layers and finally fused together using element-wise

adding:
Jspace _ U)EFE + U)HFH, (47>

where w® and w® denote learnable weights for the Euclidean and hyperbolic
embeddings F¥ and F¥, respectively. Each node feature has thus aggregated
information from both Euclidean and hyperbolic spaces, which can be viewed as an
adaptive combination of linearity and non-linearity that can contribute to a more

effective feature representation.

Modal-specific Interaction. We next decouple the merged features back to 3D
features and projection features again, enabling them to turn around and learn
information within their own modality. This is similar to the self-attention operation
in the cross-self-attention pipeline. Specifically, for the 3D features, we pass them
through a GA layer (with the learnable matrix) with preceding and succeeding MLP
layers, while for the 2D projection features, we pass them through a basic ResNet
block. After the modal-specific interaction, 3D features and projection features are

merged together again using (4.5) to reconstruct the fusion features.

4.2.4 Pose Regression Head and Loss Function

The task of LiDAR pose regression requires predicting a 6-DoF pose. However,
since the translation and rotation elements do not scale compatibly, the regression
converges in different basins. To deal with this problem, previous methods [3, 38|
consider the regression head with two parallel MLPs for translation and rotation
regression, respectively. We thus use the same decoding head design as [3|, which
consists of two MLP layers for translation and rotation regression as shown in
Fig. 4.3.

During training, to provide sufficient supervision to the whole pipeline, we use not
only the fusion features but also the 3D and projection features at lower levels. As
shown in Fig. 4.3, for the three features F3P, F5P" and F™¢'° we use three different
regression heads ¢3P, ¢!, g respectively to predict their corresponding 6-DoF poses

(d3P, r3P), (d%Ph, r*Pt), (d, ). Specifically, we first perform global average pooling
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and then regression to obtain the predicted poses, which can be described as follows:

(d%°,x%") = (g o Pooling)(F), (48)
(d", ") = (47" o Pooling)(F"), (4.9)
(d,x) = (g o Pooling) (F""%"). (410)

where o denotes the composition operation, and Pooling(-) denotes the global
average pooling operation. As for the rotation, we use the logarithmic format of
the quaternion [3|. Denoting the translation and rotation targets as d* and r*, the

final loss function is computed as:

,C:(”ng—d* —|—||dSph—d*

+ (Hr3D — ¥

+[|[d — d*[))e ™ + A (4.11)

+ HrSph —r

e =r)e +p

where A\ and p are learnable parameters. During inference, the pose (d,r) is treated

as the final prediction.

4.3 Experiments

In this section, we first evaluate our proposed model on datasets collected from out-
doors and indoors. We next present ablation studies to demonstrate the effectiveness

of our model design.

4.3.1 Implementation Details

We use ResNet34 [23]| pre-trained on ImageNet as the backbone for projection
features extraction. We use a batch size of 32. The number of attention heads is
set as 8. Following [92], we set the base point x as 0 for hyperbolic embedding. We
set L3P = 2 and L = 2. The Adam [109] optimizer with the initial learning rate
1 x 1073 and weight decay 5 x 107 is used for training. We train our network for
150 epochs. All the experiments are conducted on either an NVIDIA RTX 3090
GPU or an NVIDIA RTX A5000 GPU.
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| Model |  Full-6 Full-7 Full-8 Full-9

LiDAR Retrieval | PointNetVLADI[4] | 28.48 /519 17.62 /3.95 2359 /5.87  13.71 / 2.57
LiDAR Odometry | DCP[106] | 18.45 /2.08 14.84 /2.17  16.39 /2.26  13.60 / 1.86
PoseLSTM[107] 26.36 / 6.54 74.00 / 9.85 128.25 / 18.59 19.12 / 3.05

MapNet[28] 48.21 /6.06 61.01 /5.85 7535 /9.67  44.34 / 4.54

AD-MapNet[29)] 18.43 /3.28 19.18 /3.95  66.21 /9.42  15.10 / 1.82

[mage-based PR x1 o 30] 17.92 / 4.73 3403 /401  71.51/9.91  10.53 / 1.97
MS-Transformer[108] | 11.69 / 5.66 65.38 / 9.01 ~ 88.63 / 19.80  7.62 / 2.53

RobustLoc[19] 10.97 / 3.05 15.83 /3.48  50.95 /9.14 828/ 1.79

PointLoc[3] 1381 /153 981 /127 1151 /134 951/ 1.07

PoscPN[38] 16.32 /243 14.32 / 3.06  13.48 /260  9.14 / 1.78

, PosePN-++[38] 10.64 / 1.78  9.59 / 1.92 9.01 / 1.51 844/ 1.71
LiDAR-based PR | p o sOR(38] 8.81 /204 7.59/1.94 9.21 / 2.12 7.27 / 1.87
PoseMinkLoc[38] 11.20 /2,62 14.69 /290 1235 /246  10.06 / 2.15

HypLiLoc (ours) 6.00 /1.31 6.88/1.09 5.82/0.97 3.45/0.84

TABLE 4.1: Mean translation and rotation error (m/°) on the Oxford Radar
dataset. The best and the second-best results in each metric are highlighted
in bold and underlined, respectively. PR stands for pose regression. HypLiLoc
achieves the best performance in all metrics.

| Model Seq-05 Seq-06 Seq-07 Seq-14

PoseLSTM][107] 0.16 /4.23  0.18 /528 024 /705 0.13 /481

MapNet[28] 0.26 / 6.67 028 /691  039/9.17 025/6.85

AD-MapNet[29)] 0.17 /3.33 021 /337 024 /438 014 /4.12

Image-based PR | x47 30 0.18 /432 024 /514 026/6.04 0.16/ 4.61
MS-Transformer[108] | 0.16 /3.98  0.15/3.56  0.18 /532  0.13 / 4.83

RobustLoc[19)] 0.15/310 017 /329 0.23/416 0.13/ 4.00

PointLoc|3] 0.12 /300 0.10/297 0.13 /347 0.11/2.84

PosePN[38] 012 /438 0.09/316 0.17/3.94 0.08/3.27

, PosePN-++[38] 0.15/312 0.10/331  0.15/292 0.10 / 2.80
LiDAR-based PR | 5 soR(38] 0.14 /315 0.11/290 0.15/3.06 0.11/3.20
PoseMinkLoc|38] 0.16 /517 011 /3.74 021 /574 0.12/3.64

HypLiLoc (ours) 0.09 / 2.52 0.08 /2.58 0.13/2.55 0.09/2.34

TABLE 4.2: Median translation and rotation error (m/°) on the vReLoc dataset.
The best and the second-best results in each metric are highlighted in bold and
underlined, respectively. PR stands for pose regression. HypLiLoc achieves the
best performance in 7 out of 8 metrics.

4.3.2 Datasets

4.3.2.1 Oxford Radar

The Oxford Radar dataset is a large-scale outdoor autonomous driving dataset [110].
It provides data from multi-modal sensors, including LiDARs, cameras, Radars,
and GPS, but in our experiments, we use only LiDAR information. It contains
sensor data in the time span of 1 year and a length span of 1000 km. In addition, it
covers various seasons and weather conditions, which thus allows a comprehensive

evaluation of the models. Following [3|, we use the same benchmark data split
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setting, and we also report the mean translation rotation error. The visualization

is shown in Fig. 4.4.

4.3.2.2 vReLoc

The vReLoc dataset is an indoor robot dataset [3|. It consists of data from LiDARs,
cameras, depth cameras, and motion trackers. In our experiments, we use only
LiDAR information. It contains both static and dynamic scenarios with people
walking around. Following [3], we use the same benchmark data split setting, and

we also report the median translation and rotation error. The visualization is shown
in Fig. 4.4.

/] i
3 _ A B ‘ . 'f.:;aj
i Oxford Radar
- = -v-;-m
] ] F' | Evmsnbia
vReLoc

3D point cloud BEV projection

FIGURE 4.4: Visualization of the LiDAR point clouds used in the datasets.

4.3.3 Main Results

We first compare HypLiLoc with other baselines on the Oxford Radar dataset. From
Table 4.1, we observe that HypLiLoc achieves SOTA performance in all metrics.
Especially on the route Full-9, HypLiLoc obtains 3.45 m mean translation error in

the city-wise localization task compared to the second best performer PoseSOE with
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7.27 m, which demonstrates the effectiveness of HypLiLoc. In addition, compared
with camera pose regression approaches that take images as inputs, LIDAR-based
ones are generally more accurate. This verifies that point clouds generated by
LiDARs are a more effective data modality for the localization task. Table 4.1 also
indicates that for large-scale pose estimation, LiDAR pose regression approaches
surpass both retrieval-based and odometry-based ones, and thus this approach is

promising for many applications.

Note that pose regression approaches can be integrated into SLAM systems to
achieve even better accuracy and to perform fast global pose estimating, especially
in cases where a global navigation satellite system is not available (e.g., indoors

and urban areas with dense skyscrapers).

We next test HypLiLoc on the indoor vReLoc dataset in Table 4.2, where it achieves
SOTA performance in 7 out of 8 metrics and shows strong competitiveness. We note
in the indoor environment, the LiDAR-based approaches also generally outperform

image-based ones.

4.3.4 Ablation Studies

4.3.4.1 Module Ablation

We provide insights into our design choices for HypLiLoc by ablating each module.
From Table 4.3, every module in our design contributes to the final improved
estimation accuracy. Making use of information from the projected point cloud
image and hyperbolic-Euclidean feature fusion strategy both contribute to more

accurate pose regression outputs.

4.3.4.2 Different Projection Strategies

We next compare different modality strategies. As shown in Table 4.4, we first test
the performance using the single modality input, including the 3D point cloud,
the spherical projection, and the BEV projection. Among them, the 3D and the
spherical projection show similar performances, while the BEV performance is worse.
This verifies our insight that the BEV projection is not a bijective mapping, and

thus less information is retained.
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Method Mean Error (m/°) on Full-8
base model 9.78 / 1.99
+ global graph attention 891 / 1.74
-+ spherical-projection backbone 7.26 / 1.36
+ feature fusion block 6.19 / 1.13
+ learnable metric (full model) 5.82 / 0.97
full model w/o hyperbolic branch 6.57 / 1.19
full model w/o Euclidean branch 6.24 / 1.16

TABLE 4.3: Ablation study for different modules on Full-8 route of the Oxford
Radar dataset.

#Modalities ‘ 3D Sph. BEV Mean Error (m/°) on Full-8

v 8.91 / 1.74

1 v 8.94 / 2.18
v 9.46 / 2.33

v oV 5.82 / 0.97

2 v v 9.44 / 1.80
v oV 6.77 / 1.02

3 v vV 6.32 / 1.01

TABLE 4.4: Comparison of different projection methods on Full-8 route of the
Oxford Radar dataset. For the single modality, we do not use the feature fusion
block.

When feeding two modalities, the combination 3D + spherical surpasses the other
two counterparts, which is our final model choice for HypLiLoc. When we further

add the BEV input, the performance drops instead.

4.3.4.3 Learnable Matrix Design

We test the performance by applying different constraints on the learnable matrix
M in (4.6). The Riemannian metric, which formulates a positive definite and
symmetric matrix, has the strictest constraints. However, as shown in Table 4.5,
the Riemannian metric does not provide performance improvements compared
with the setting without any metric. If we only impose either the positive definite
constraint or the symmetric constraint, the performance improves. Furthermore, if
we exclude all constraints and enable the metric to evolve freely, we can achieve

optimal performance.
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Method Mean Error (m/°) on Full-8
w/o M 6.19 / 1.13
Riemannian 6.34 / 1.28
positive definite 6.18 / 1.13
symmetric 6.02 / 1.24
no constraint 5.82 / 0.97

TABLE 4.5: Comparison of different constraints on Full-8 route of the Oxford
Radar dataset.

Model Runtime Runtime
¢ Speed  Total Memory
Retrieval ~ PointNetVLAD[4]  11FPS 26GB
Odometry DCP|[106] 10FPS 22GB
Rearession PointLoc|3] 22FPS 7GB
g HypLiLoc (ours) A8FPS 6GB

TABLE 4.6: Comparison of the runtime speed and the runtime total memory of
different models.

4.3.4.4 Computational Time and Storage

We compare LiDAR-based models that belong to different localization pipelines.
As observed in Table 4.6, regression-based models can operate at least 2 times as
fast as both the retrieval-based and odometry-based approaches. For the runtime
memory, regression-based models need only 1/3 that of retrieval and odometry
methods (less than 7 GB). HypLiLoc can perform inference at a speed of 48 FPS,

which is 4 times as fast as the retrieval model and over 2 times as fast as PointLoc.

4.3.4.5 Visualization

We visualize a typical output pose trajectory of HypLiLoc and PointLoc in Fig. 4.5.
HypLiLoc outputs a smoother and more accurate pose trajectory compared with
PointLoc.
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PointLoc HypLiLoc (ours)

FIGURE 4.5: Trajectory visualization on the Oxford Radar dataset. The ground
truth trajectories are shown in bold blue lines, and the estimated trajectories are
shown in thin red lines.

4.4 Limitations

Although we have tested the proposed model in a city-wise dataset, verification of
HypLiLoc’s performance in challenging scenarios (e.g. with noise perturbations and

adversarial attacks) is necessary for practical implementations.

4.5 Conclusion

In this work, we propose HypLiLoc, a novel network for LiDAR-based pose regression.
It achieves effective feature extraction with global graph attention, hyperbolic-
Euclidean interaction, and modal-specific learning. It achieves SOTA performance

in both outdoor and indoor datasets.



Chapter 5

Multi-Modal Localization

In Chapters 3 and 4, we have introduced two single-modal pose regression networks.
However, single-modal sensors always have limitations for conducting robust and
effective localization in various environments. By contrast, a promising direction
for enhancing localization performance is the integration of multiple visual sensors.
Cameras provide dense, high-resolution images rich in texture and color, while
LiDARs offer accurate 3D spatial measurements in the form of sparse point clouds.
These sensing modalities are highly complementary: the semantic richness of images

can enhance the geometric understanding of LiDAR.

Nevertheless, effectively fusing information from such heterogeneous data sources
remains a major challenge. The fundamental differences in modality, structured 2D
grids versus unstructured 3D point sets, make cross-modal alignment non-trivial.
Achieving effective information fusion between image features and point cloud data

is a critical step toward robust multi-modal visual localization.

Most current approaches [8, 66| focus primarily on global feature fusion and ignore
the fine-grained local details that are essential for camera-LiDAR interaction.
Moreover, they tend to overlook the valuable camera-LiDAR extrinsic calibration
information, which could serve as a crucial bridge for better interaction between

the two sensors.

To address these challenges, we propose the use of a learnable manifold metric
attention mechanism that establishes a flexible fusion space, allowing for a more

effective integration of 2D image and 3D LiDAR features. This fusion strategy

63
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not only enables global feature interaction but also considers local relationships
to enhance the model’s understanding of the scene. Moreover, by incorporating
camera-LiDAR extrinsic calibration, we extend the feature interaction to the pixel-
point level, facilitating more coherent fusion between the different sensor modalities.
In addition, we strengthen the feature extraction in the 2D branch by employing the
ODE-based GNN. This integration enhances the model’s robustness and improves
its ability to extract meaningful features from visual data, especially in challenging
environments. Ultimately, our proposed framework offers a more comprehensive

solution for multi-modal visual localization.

5.1 Introduction

Cameras capture dense images and provide valuable visual cues, while LiDARs
generate sparse point clouds that encode spatial geometry. The complementary
nature of these sensors offers significant potential for more accurate and robust
localization. However, the fundamental disparity between 2D image data and 3D

spatial data presents a challenge for multi-modal feature fusion.

Existing multi-modal place recognition approaches such as MinkLoc++ [8] and
AdaFusion [66] primarily focus on global feature fusion by pooling high-level de-
scriptors from both modalities. Although this allows for coarse alignment of the
sensor data, it tends to ignore the fine-grained local details that are crucial for
precise camera-LiDAR interaction, particularly in complex environments where
local geometry and visual details play an essential role in localization. Moreover,
these approaches often overlook the camera-LiDAR extrinsic calibration, which can
serve as a critical link for aligning features between the two sensors. The extrinsic
calibration provides geometric constraints that could bridge the gap between 2D

and 3D data, yet it remains underexplored in most existing fusion strategies.

To tackle these challenges, we introduce a learnable manifold metric attention
mechanism that establishes a flexible fusion framework, facilitating more efficient
integration of 2D image data and 3D LiDAR information. The manifold with metrics
as in Chapter 2 provides a more flexible platform for multi-modal information fusion,
thus helping build more effective localization features. This manifold-based strategy

supports interaction at both global and local levels, which is essential for detailed
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scene geometry comprehension. The adaptive nature of the manifold metric allows

for dynamic fusion.

Furthermore, by incorporating camera-LiDAR extrinsic calibration into the fusion
process, we extend the interaction from global alignment to a pixel-point level. This
enables more precise correspondence between individual pixels in the 2D image and
points in the 3D LiDAR cloud. The result is a more accurate and geometry-aware

multi-modal representation that leverages both sensors.

In addition, we enhance feature extraction in the 2D camera branch by employ-
ing neural ODE-based GNNs. This integration improves the model’s robustness,
particularly in challenging environments with dynamic lighting, reflections, and
other environmental perturbations. Neural ODEs provide the ability to handle noisy
inputs, while GNNs allow for better aggregation of information from neighboring

frames or sensors.

Ultimately, our proposed framework combines global and local feature fusion with
robust and geometry-aware sensor integration. This comprehensive approach enables
more precise visual localization by effectively utilizing both camera and LiDAR
data, overcoming the limitations of previous methods that rely solely on global
feature pooling. The fusion of multi-modal features at both global and pixel-point
levels enhances the model’s overall scene understanding ability to achieve more

accurate localization in complex and dynamic environments.

The pipeline of our model is shown in Fig. 5.1. Our contributions are summarized

as follows:

e We propose PRFusion, which leverages the Global Fusion Module (GFM)
to enable detailed global multi-modal information interaction and integrates
metric attention to achieve effective feature fusion. Additionally, PRFusion
is equipped with the Neural Diffusion Module (NDM) to enhance feature

robustness.

e We further introduce PRFusion++4-, which achieves pixel-point level multi-
modal feature interaction by incorporating the Local Fusion Module (LFM)

with camera-LiDAR extrinsic calibration information.
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FIGURE 5.1: Our multi-modal place recognition pipeline. The query place is
recognized by computing a scene descriptor based on both 2D and 3D features
using our proposed place recognition model and then comparing it with the
database descriptors. Our proposed model consists of global local feature fusion
and neural Beltrami diffusion.

5.2 Methodology

In this section, we provide details of the model PRFusion, which does not need
camera-LiDAR extrinsic information. As depicted in Fig. 5.2, given a sensor frame,
we initially employ two distinct preliminary backbone networks to separately extract
2D and 3D feature maps, denoted as F2P ¢ REW*C and F3P ¢ RVXC | respectively.
Here, H and W represent the height and width of the 2D feature map, NN is the
number of 3D features, and C is the dimension of the feature!. These different
modal features are subsequently fed into the ensuing fusion blocks to facilitate

feature interaction.

5.2.1 Global Fusion Module (GFM)

5.2.1.1 Fusion Feature Initialization

For multi-modal interaction, a pipeline that can effectively exploit information
from distinct modalities is pivotal to the construction of the final scene descriptor.

Nonetheless, previous multi-modal place recognition works [8, 66| only consider

'For illustration simplicity, we assume 2D and 3D features have the same dimension C.
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FIGURE 5.2: The overall architecture of our proposed PRFusion and PRFusion++-.
The multi-modal fusion is conducted in both the GFM and the LFM. The
image features are additionally passed through the NDM to enhance the feature
robustness.

fusing multi-modal features at the feature descriptor level, with interaction being
applied only after the pooling operation. Such a late-stage processing strategy
inherently overlooks a substantial amount of detailed information, making the
multi-modal interaction less effective. To address this limitation, we introduce the

GFM to achieve comprehensive 2D and 3D scene understanding.

To facilitate global multi-modal learning and generate a summarized vector to
guide subsequent features, we construct a global multi-modal complete graph
that comprises both 2D and 3D features. Given the significantly larger number of
features, directly incorporating the entire features would impose a computational
burden. Moreover, each feature, post backbone feature extraction, has already
captured essential contextual information, thereby adequately representing the
whole scene. Consequently, we opt for uniformly downsampled 2D and 3D features
F2D' ¢ RV?PxC 3D ¢ RN*PXC with highly summarized pooling features to expedite

multi-modal interaction. Specifically, the initial graph features FEFM ¢ RVXC ywith
N = N2?P 4 N3P 4 2 can be obtained as:

FOFM — {F2D/, F3Y, Pooling (F*"), Pooling (F3D)}, (5.1)
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where Pooling( - ) is the global average pooling operation.

5.2.1.2 Manifold Metric Attention

The attention mechanism has demonstrated its strong capability in various fields
[25, 111]. In multi-modal learning, a significant challenge arises from the diverse
nature of feature sources and their embedding within different feature spaces. A
static fusion space may be insufficient to accommodate the increased diversity of
these features. To achieve more effective feature interaction, we propose to endow

the multi-modal fusion space with an adaptable similarity measurement.

The multi-modal features, denoted as pM = FGFM

, are perceived as distinct base
points within a manifold. These features construct their unique metric through a

learnable neural ODE mapping defined as:

dg;(t)
dt

— o(g (W), (5.2)

where g;(0) = FEF™  o(.) is an non-linear activation function, and Wy € Re*C
is a learnable matrix. By solving (5.2), we obtain the diffused manifold metric at
each base point as G;. Neural ODEs provide a flexible and adaptive framework for
learning representations and are able to capture high-order dependencies, which
supports constructing a more adaptive manifold metric and contributes to more

fine-grained feature interaction of different modalities.

Each of the weighted global fusion features F¥'™ € R is then obtained as follows:

FO™M =Y g, FF™NMWy, (5.3)

J

aj = Softmax(<l~7iGFMWQ, F?FMWK> ), (5.4)
diag(G;)

where Softmax(-) denotes the row-wise softmax operation, Wq, Wk, Wy are

learnable matrices, and diag( - ) is the vector-to-matrix diagonal operation.
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5.2.1.3 Feature Updating

The global representation of the scene can guide the 2D and 3D modality features
towards better representation learning. To this end, we aggregate the whole global
feature as a highly condensed feature vector f¢™ ¢ R® summarized by the GeM

pooling [43], faem( ), with a learnable parameter p defined as:

=

N
fGFM _ fGeM,p(FGFM) _ %Z(FZGFM)P 7 (5‘5)

=1

where (-)? denotes raising each element to the power of p. We employ this vector
as an element-wise additive bias to compute the biased 2D and 3D feature maps,
enabling the respective modality features to encode holistic scene representations.
The biased feature maps are then passed through separate MLPs to obtain the

respective updated 2D or 3D feature maps, denoted as:

F2D,GFM — MLP2D (F2D D fGFM) c RHWXC’ (56)
F3D,GFM — MLP3D (FSD D fGFM) c RNXC’ (57)

where @ denotes broadcast addition.

5.2.2 Neural Diffusion Module (NDM)

In challenging scenes where there are environmental perturbations, the sensors can
be easily affected, leading to inferior feature extraction and poor place recognition
performance. Image-based models are more susceptible to challenging environmental
conditions than point cloud-based ones (see Table 5.4). Therefore, to achieve more
robust feature expression, we resort to leveraging neural diffusion layers, where the
outputs FZ2PGFM from the GFM are additionally passed into the NDM for feature

enhancement.

Specifically, we employ a neural diffusion mechanism rooted in the Beltrami flow.

This mechanism is applied to each feature denoted as X (), with X(0) = F2D:GFM,
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The neural diffusion module is characterized as:

%it) = AX(t)Wx = (A(t) — E)X(t)Wx, (5.8)
A(t) = Softmax(KNN(Y (1) Y'(1))), (5.9)
Y(t) = X(t)Wy, (5.10)

where E is the identity matrix, KNN(-) is the K-nearest neighbor algorithm,
Wx, Wy are learnable parameters. The neural Beltrami diffusion can be regarded
as a type of graph neural diffusion, which is additionally equipped with graph
topology rewiring achieved by positional embeddings. Graph rewiring enables the
construction of flexible graph node connections and can thus contribute to better

node feature learning.

By solving the above neural Beltrami diffusion equations, we obtain the 2D Beltrami
features as F2PNPM_ Subsequently, the 2D output F2PNPM from the NDM and
the 3D output F3PGFM from the last GFM are together fed into the final GFM to

achieve cascaded feature updating.

5.2.3 Output Scene Descriptor Generation

In the PRFusion framework, as shown in Fig. 5.2, we stack the above-described
GFM for 2 layers with 1 intermediate NDM layer to achieve cascaded feature fusion.
The final scene descriptor is obtained by concatenating the fusion, 2D, and 3D
feature vectors obtained from the final GFM in (5.5) to (5.7):

eout _ pGFM H faenpo (FQD,GFM) || oy (FBD,GFM)7 (5.11)

where p?P and p3P are learnable parameters for the GeM pooling as in (5.5).

5.3 PRFusion++4

The PRFusion model, as described above, is designed for multi-modal place recog-
nition in scenarios where the extrinsic parameters between the camera and LiDAR
sensors are unknown. Without knowing the extrinsic calibration, one cannot estab-

lish the correspondences between image pixels and point clouds. However, in most
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applications, the sensor extrinsic parameters can be determined during the sensor
setup stage. With this additional information, we can conduct multi-modal feature
interaction at a more fine-grained level. Consequently, we propose an enhanced
version of PRFusion, namely PRFusion+-, which can leverage detailed 2D /3D

information, as depicted in Fig. 5.2.

5.3.1 Local Fusion Module (LFM)

The projected points I3P = [u3P, v3P] € RY*2 on the image feature plane, derived

from 3D cloud points, are given by the camera-LiDAR projection geometry.

Similarly, we can denote the image feature plane positions of the output 2D pixels

as IZD — {uQD,VZD] c RHWXQ_

The point cloud projection geometry enables an association between 2D and 3D
features on the image plane, as illustrated in Fig. 5.2. This association facilitates
the definition of a neighboring relation between 2D and 3D feature nodes. Hence,
we introduce the LFM to construct local corresponding feature learning. Specifically,
we divide the entire image feature frame into distinct non-overlapping windows [26],
each with a size of AH x AW. Each (u,v)-th window graph can contain a varying

number of 2D and 3D feature nodes:

. 20
Fvin — F2‘D,GFM : J — 12
u,v { 7 [AH, AW] [u7 /U] (5 )
JE[HW]
3D,GFM I?P

F ) ’ . TA 77 ATTr1 - [u7 U] )

U J [AH, AW] e
where u € {1, ce L%J } and v € {1, cee [%J } Within each window, we establish

complete connections among all feature nodes, enabling each node to pass feature

messages to all other nodes within the same window.

We then employ the manifold metric attention defined from (5.2) to (5.4) to
perform local multi-modal feature updating for each window to obtain the updated
features F},"M based on F}'. Note that the attention computation in all windows is
proceeding in parallel with the assistance of the varied-length dot product package

[111]. By decoupling the mixed feature nodes, Fio"™ and F3D:M™M  from each



72 5.4. Loss Function

FLFM

TR

window we obtain the updated 2D and 3D features respectively as:

F2D.LEM _

Fi%LFM, (5.13)

U,

F3D.LFM F3D.LFM (5- 14)

u,v

where the updated 2D features are fed into the NDM for robustness enhancement

as shown in Fig. 5.2.

5.3.2 Output Scene Descriptor Generation

Different from PRFusion, besides 2 GFMs and 1 NDM, PRFusion++ is additionally
equipped with 1 LFM as shown in Fig. 5.2. The final output scene descriptor is
obtained using the outputs from the final GFM as in (5.11).

5.4 Loss Function

Both of our proposed models, PRFusion and PRFusion+-, adopt the triplet loss
[112]:

L= max( ||eanchor . eposmveH . Heanchor . enegatlveH +m, 0>’ (515)

anchor’ eposmve’ enegatlve

where e are descriptors of an anchor, a positive sample and a

negative sample, and m is the margin hyperparameter.

5.5 Experiments

In this section, we compare our proposed models with other baselines in different
datasets. We also conduct necessary ablation studies to demonstrate the effectiveness

of our proposed modules.
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5.5.1 Implementation Details and Datasets
5.5.1.1 Implementation Details

Our image and point cloud backbones are constructed based on MinkLoc++ [8].
We set the maximum batch size as 160. We train our network for a total of 120
epochs. The Adam optimizer [109] with a maximum learning rate le — 3 and weight
decay le — 4 is used to train the network. We use SpTr [111] for varied-length
multi-modal attention computing. The package torchdiffeq|75] is used for neural
ODE solving. The input image is resized such that the short side is 240. The voxel
quantization method is applied to input point clouds, where the quantization size is
set as 0.1 for the Oxford dataset and 1 for the Boreas and KITTI datasets. Necessary
data augmentation techniques are applied during training. The experiments are
conducted on a Tesla A100.

5.5.1.2 Evaluation Metrics

We follow previous works to use the same evaluation protocol for place recognition,
including Recall@1 (R@1), Average Recall@N (ARQN), and Average Recall@1%
(AR@1%). Unless otherwise noted, we set the positive retrieval threshold as 25 m,
i.e., if a retrieval is within 25 m from the query ground truth position, this retrieval

is treated as a positive (successful) retrieval.

5.5.1.3 Datasets

The Oxford RobotCar dataset [101] is a large-scale autonomous driving dataset,
including a wide range of driving conditions. We use the processed point clouds
provided by PointNetVLADI4] which is the standard benchmark data for point
cloud place recognition. We test on both the standard benchmark split (denoted as
Oxford-PNVLAD) and the split used by [65, 66] (denoted as Oxford-Cues). Since
the processed point clouds break the camera-LiDAR extrinsic, we can only test

PRFusion, which does not require the camera-LiDAR alignment.

We also test on the KITTI dataset[113], which is widely used in computer vision and

autonomous driving research as it offers a diverse range of real-world autonomous
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FIGURE 5.3: Examples from the Oxford, KITTI, and Boreas datasets.

vehicle data in different environments. It has provided camera-LiDAR extrinsic

calibrations.

Both of the above two datasets are collected in normal conditions, which may not be
sufficient to demonstrate the model’s robustness. The Boreas dataset [114] is a more
challenging dataset collected in various extreme conditions including snow, rain,
and night. It also provides calibrated images and point clouds with synchronized

extrinsic parameters.

Visual examples from the above datasets are provided in Fig. 5.3.

5.5.2 Main Results

We begin by comparing PRFusion with other baselines on the Oxford dataset. As
shown in Tables 5.1 and 5.2, PRFusion achieves state-of-the-art performance in all
metrics. This demonstrates the effectiveness of PRFusion. Furthermore, multi-modal
place recognition approaches that take point clouds and images as inputs tend to be
more accurate than those using only one modality. This verifies that images captured

by cameras can provide additional useful information for the place recognition task.

We next conduct experiments on the KITTI dataset that encompasses various typical

driving scenarios. As illustrated in Table 5.3, our proposed models consistently
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| Oxford-PNVLAD

Model
| AR@1% AR@1
PointNetVLAD [4] 80.3  63.3
PCAN [52] 83.8  70.7
LPD-Net [54] 949 864
ap  EPC-Net [55] 047 862
SOE-Net [58] 9.4 89.3
MinkLoc3D [56] 97.9 938
MinkLoc3Dv2 [57] 08.9  96.3
PTC-Net [115] 988 964
CORAL [116] 96.1 ]
PIC-Net [64] 98.2 ;
MinkLoc++ [§] 9.1  96.7
SDIRGB -y ppg 99.2  97.2
*UMF|[18] w/ extra train data | 99.1 97.9
PRFusion (ours) 99.6 98.2

TABLE 5.1: place recognition results on the Oxford-PNVLAD dataset. All models
do not use the re-ranking technique. "-" denotes that the result is not provided
by the corresponding paper. "*" denotes that the model is trained with extra
datasets. The best and the second best performances are marked with bold and
underline, respectively.

‘ Oxford-Cues
‘AR@l% ARQ1

Cues-Net [65] - 98.00
3D+RGB AdaFusion [66] 99.21  98.18
PRFusion (ours) | 99.94  99.08

Model

TABLE 5.2: place recognition results on the Oxford-Cues dataset. All models do
not use the re-ranking technique or additional training datasets. "-" denotes that
the result is not provided by the corresponding paper. The best and the second
best performances are marked with bold and underline, respectively.

outperform other baselines across different evaluation metrics. The corresponding
Average RecallQN curve, depicted in Fig. 5.4, demonstrates the superiority of our

models.

We also visualize AR@1 under different positive retrieval thresholds (from 10 m
to 25 m) as in Fig. 5.5. In challenging small thresholds (< 16 m), comparable
performance is observed with other baselines. However, under larger thresholds

(> 17 m), we achieve significantly better ARQ1.
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Model | AR@1 AR@2 AR@5 ARQI10
MinkLoc 8] 86.1  89.7 940 958
AdaFusion[66] 86.7  90.6 939  96.1
UMF][18] 86.3  89.9 942 963
SDARGB 1 opri67] 80.5 853 9L1 939
PRFusion (ours) 87.7 92.1 95.4 96.5
PRFusion++ (ours) | 88.7  91.7  95.8 97.2

TABLE 5.3: place recognition results on the KITTI dataset. The best and the
second best performances are marked with bold and underline, respectively.

97.5 -
95.0
92.5 -
> 90.0 1
®
Eé 87.5 —— (ours) PRFusion
—s— (ours) PRFusion++
85.0 - —— MinkLoc++
—=— AdaFusion
82.5 4 = UMF
LCPR
80.0 4 ‘ ‘ ‘ ‘
1 3 5 7 9
N

FIGURE 5.4: Average Recall@N curve on the KITTI dataset.

Next, we evaluate our models on the challenging Boreas dataset, which includes

camera-LiDAR extrinsic calibrations and demonstrates the strong capacity of our

advanced model, PRFusion++. As illustrated in Table 5.4, PRFusion++ achieves

the highest score in all metrics. The superiority of leveraging multi-modal data is

also evident in Table 5.4, as all multi-modal models outperform the single-modal

ones. We also note that the point cloud models generally outperform the image

models, particularly in the night scenario with extremely poor lighting conditions,

where all image models exhibit significant performance drops while the point cloud

models remain almost unchanged.
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FIGURE 5.5: ARQ1 under different positive retrieval thresholds on the KITTI
dataset.
Model Snow Rain  Sun  Night Clouds Overcast ARQ1 % AR@1
R@1 R@I R@1 R@l Ra@l RA@1
GeM [43] 629 691 67.1 186 69.5 68.5 76.2 59.3
RGB ConvAP [44] 75.4 746 727 24.8 75.0 75.1 79.4 66.3
MixVPR [45] 81.3  80.3 783 302 80.0 81.0 85.5 71.9
MinkLoc3D [56] 77.0 895  90.0  89.3 88.6 89.6 96.6 87.3
3D MinkLoc3Dv2 [57] 841 926 926 923 93.1 92.9 98.2 91.3
PTC-Net [115] 822 914 922 920 92.8 93.1 97.4 90.6
MinkLoc++ [8] 87.1 933 946  90.9 94.5 94.5 98.9 92.5
AdaFusion [66] 88.1 935 948 915 94.8 94.7 99.0 92.9
3D + RGB  UMF [18] 87.5 942 940 914 93.8 93.4 99.0 92.4
LCPR/[67] 70.3  90.2 889  85.1 89.6 89.7 95.3 85.6
PRFusion (ours) 92.0 96.4  95.0 92.5 95.9 95.8 99.2 94.6
PRFusion++ (ours) | 94.2 96.7 96.1 95.9  96.1 96.3 99.6 95.9

TABLE 5.4: place recognition results on the Boreas dataset. All models do not
use the re-ranking technique or additional training datasets. The best and the
second best performances are marked with bold and underline, respectively.

5.5.3 Design Analysis

To verify the effectiveness of the proposed modules, we conduct design analysis for

PRFusion+-+ in the challenging Boreas dataset.
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5.5.3.1 Module Ablation

We first ablate the proposed modules from PRFusion and PRFusion++ as shown
in Table 5.5, where they all contribute to better performance. The three proposed
modules (GFM, NDM, and LFM) together yield +3.4 gains for ARQ@1, underscoring
their efficacy in enhancing overall outcomes. Among them, the GFM and LFM
contribute more than the NDM.

Method | AR@1 A
PRFusion 94.6 -

PRFusion w/o global fusion module (GFM) 932 -14
PRFusion w/o neural diffusion module (NDM) 93.8 -0.8
w/o GFM/NDM 925 -2
PRFusion++ 95.9 -

PRFusion++ w/o global fusion module (GFM) 94.7 -1.2
PRFusion+-+ w/o neural diffusion module (NDM) | 95.3 -0.6
PRFusion++ w/o local fusion module (LFM) 94.6 -1.3
w/o GFM/NDM/LFM 92.5 -3.4

TABLE 5.5: Main ablation study on the proposed modules.

5.5.3.2 Manifold Metric Attention

In Table 5.6, we present a comparative analysis among MLP, the conventional
vanilla attention mechanism, and our proposed metric attention approach. Our
metric attention scheme yields a noteworthy improvement of +2.2 in the ARQ1
metric. Compared to vanilla attention, which contributes +1.5, our metric attention
demonstrates a +0.7 better performance. This indicates its efficacy in facilitating
more robust multi-modal interactions through the acquired adaptive manifold

metric.

Furthermore, we conduct ablation experiments on the metric attention module by
selectively removing the neural ODE and the non-linear activation function. These
ablations result in a noticeable performance degradation, underscoring the critical
role played by the amalgamation of higher-order ODE modeling and non-linear

activation functions in the construction of our flexible metric framework.
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Method ‘ ARQ@1 A
w/o attention (MLP) 93.7 -
vanilla attention 952  +1.5
metric attention w/o ODE 95.5  +1.8
metric attention w/o activation | 95.6  +1.9
metric attention 95.9 2.2

TABLE 5.6: Comparison of different types of vanilla attention and our proposed
metric attention.

5.5.3.3 Sampling Points in the GFM

Within the GFM, we adopt a strategy of leveraging down-sampled 2D /3D features
for the synthesis of multi-modal features. As in Table 5.7, with a modest number of
sampled features, we are able to effectively encapsulate global-level representations.
This empirical observation serves as compelling evidence that our design is highly

effective and well-suited for its intended purpose.

#Points ‘ AR@1

8 95.2
16 95.9
32 95.7
64 95.8

TABLE 5.7: Comparison on the number of sampled points in the GFM.

5.5.3.4 Fusion Window Size in the LFM

In the LFM, we perform 2D /3D feature interaction within a local window. Our
experimentation, as outlined in Table 5.8, involves the exploration of varying window
sizes. Intriguingly, the results clearly demonstrate that the smallest window size,
1x1, emerges as the optimal selection. This is attributed to its capacity to facilitate
fine-grained local feature interactions. Conversely, with the increasing window size,
the performance decreases steadily. This indicates that trivially conducting full-scale

multi-modal feature interaction is not a suitable solution for feature updating.



80 5.5. Experiments

AH x AW | ARQ1

1x1 95.9
2%x2 95.2
4x4 94.3
88 92.1

TABLE 5.8: Comparison on different window size AH x AW in the LFM.

5.5.3.5 Neighborhood Scale in the NDM

The neural Beltrami diffusion in the NDM is based on adaptive neighborhood
construction, and we test the performance with different neighbors in the NDM. As
illustrated in Table 5.9, a medium scale with 25 neighbors is an optimal choice for
Beltrami feature diffusion. Further bringing more neighbors can not contribute to

better performance.

#Neighbors ‘ AR@1

9 95.4
16 95.7
25 95.9
36 95.6

TABLE 5.9: Comparison on the number of nearest neighbors in the NDM.

5.5.3.6 Robustness Against Image Perturbations

To verify the model robustness in more challenging scenarios, we test to add
additional Gaussian noise onto the original image 1. The perturbed image is built as
I =TI+ ad, where § ~ A(0,1) and a > 0 controls the intensities, and the descriptor
of the perturbed scene can be denoted as €. The visualization of perturbed images
with different intensities is shown in Fig. 5.6. As plotted in Fig. 5.6, our proposed
models PRFusion and PRFusion++ both show significantly better robustness against
image perturbations, which strongly underscores the efficacy of our design. We also
test the robustness by excluding the NDM, which leads to inferior performance
in challenging scenarios. Moreover, it can be noticed from Fig. 5.6 that the LEFM
in PRFusion++ can boost model robustness for a large margin compared with
PRFusion. In addition, we visualize the kernel density estimate plots and box plots

as in Fig. 5.7. With the integration of the NDM, our model can lead to smaller
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||e°t — é°"t|| compared with that without the NDM. The robustness of the NDM

can thus be demonstrated.

96
94 .
92
é‘) 90
[
< 88 —— (ours) PRFusion++
=+= (ours) PRFusion++ w/o NDM
86 —=— (ours) PRFusion
=+= (ours) PRFusion w/o NDM
—e— MinkLoc++
84 - —+— AdaFusion
—e— UMF
~e— LCPR
0.00 0.05 0.10 0.15 0.20

image Gaussian noise intensity o

FIGURE 5.6: Above: visualization of images under additive Gaussian noise with
different noise intensities a. Below: performance plot (AR@1) under additive
image Gaussian noise with different noise intensities a.
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FIGURE 5.7: Left: kernel density estimate plots. Right: box plots of [le°"t — &°ut|
under additive Gaussian noise with different noise intensities o.

5.5.3.7 Robustness Against Extrinsic Calibration Errors

Our tested Boreas dataset is not with a perfectly time-synchronized camera-LiDAR
suite. As shown in Figure Fig. 5.8, due to the ego-vehicle’s movement and imperfect
calibration, significant misalignments occur as highlighted in red boxes. Our models
can still operate well under such scenarios, which show the basic robustness against

calibrations.

FIGURE 5.8: Visualization of the projected LiIDAR point cloud onto the image in
the Boreas dataset. Misalignments are highlighted in red boxes.
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We evaluate the robustness against camera-LiDAR extrinsic calibration parameter
errors. We denote the true calibration translation vector and calibration rotation
matrix as d and R respectively. The measured calibration translation vector and
rotation matrix can be denoted as d = d + d. and R = R.R with rotation matrix
and translation vector errors R, and d.. The calibration translation error ¢, and

rotation angle error r, are given as:

de = ||deH2>

(trace(Re) — 1) '
= |arccos| ——o——] .

The visualization of different extrinsic calibration errors is shown in Fig. 5.9. The
performance comparison under different error thresholds is shown in Fig. 5.9.
The results demonstrate that reasonably good extrinsic calibration is essential
for the PRFusion+-+ model as it utilizes the camera-LiDAR extrinsic calibration
information. In practice, the extrinsic calibration error is typically less than 0.1
m and 1°[117-121]. From Fig. 5.9, we see that under such errors, PRFusion++

outperforms other baselines, demonstrating its effectiveness.

Model | Speed (FPS) GPU Mem. (GB)
MinkLoc++ 95 2.0
AdaFusion 84 2.0
UMF 90 2.0
LCPR 110 2.1
PRFusion (ours) 65 2.2
PRFusion++ (ours) 40 2.3

TABLE 5.10: Runtime speed and GPU memory usage on a Tesla A100.

5.5.3.8 Run Time Speed and GPU Memory Usage

Finally, we present the run time speed and GPU memory usage in Table 5.10.
Compared with baselines, PRFusion and PRFusion-++ are computationally costlier
with the inclusion of the attention operation. However, these models still meet typical
real-time deployment requirements (FPS > 30). The higher computational cost can
be mitigated with various solutions, such as knowledge distillation, quantization,

and pruning, which are interesting future work for further improvements.
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FIGURE 5.9: Above: visualization of images and point clouds under camera-
LiDAR extrinsic parameter calibration errors. Below: performance plot (ARQ1)
under camera-LiDAR extrinsic parameter calibration errors. Note that different
from PRFusion++, PRFusion and other baselines are not affected by extrinsic
parameter calibration errors and their performance plots are flat.

5.6 Conclusion and Limitations

We have designed two multi-modal place recognition models, PRFusion and PRFu-
sion+-, which leverage manifold-based attention to facilitate more effective feature
fusion at both global and local levels. Additionally, these models are equipped with
neural Beltrami diffusion for more robust feature learning. The experimental results
on large-scale benchmarks demonstrate the effectiveness of our design, as both

models achieve SOTA performance.
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However, due to separate feature extraction for 2D and 3D inputs and the additional
computational overhead of attention computations, these models are computation-
ally more expensive than several existing baselines. An interesting avenue for future
work is to improve the pipeline for faster and lighter place recognition. To achieve this
goal, we can explore various solutions, such as knowledge distillation, quantization,

and pruning, which offer promising directions for further optimization.






Chapter 6

Single-Modal Localization Boosted
by Multiple Modalities

In Chapter 5, we propose multi-modal place recognition networks that leverage
information from both cameras and LiDARs. On the one hand, introducing multiple
sensors can significantly boost localization performance by providing richer and more
diverse data. On the other hand, this improvement comes at a cost. Adding extra
sensors increases not only the hardware expenses but also the system’s complexity.
For mobile agents that require lightweight and efficient operation, incorporating too
many sensors can reduce their flexibility and overall efficiency. A promising solution
to this problem is KD, which enables knowledge transfer from a strong multi-modal
teacher model (using multiple sensors) to a lightweight and single-modal student
model. This approach allows us to maintain high performance while reducing the

reliance on additional sensors.

However, most existing KD methods|70, 122, 123] are designed for tasks like
classification and object detection, where geometric features and relationships are
not sufficiently considered. In place recognition, the primary goal is to localize
the query by matching it against a reference database. This matching process
relies heavily on the geometric and spatial relationships between features, making
it critical to ensure these relationships are preserved during knowledge transfer.
Existing KD approaches overlook this important aspect, limiting their effectiveness

for visual localization.

87



88 6.1. Introduction

To address this gap, we propose an approach that goes beyond standard KD
techniques by specifically focusing on the relationships between the teacher and
student models. By exploring multiple types of relationships, we aim to better
capture and transfer the matching knowledge. Additionally, our approach leverages
spaces with varying curvatures, which allows for a more effective feature embedding.
By computing distances in diverse geometric spaces, we can more flexibly reflect the
geodesic distances between features, leading to a more effective and geo-consistent
knowledge transfer. This method ensures that the spatial relationships are preserved
and can thus be a powerful solution for lightweight and high-performance visual

localization.

6.1 Introduction

As introduced in Chapter 5, integrating various sensors can elevate place recognition
model performance, but it also incurs additional expenses. Moreover, lightweight
mobile systems might not support heavy sensors, such as LiDARs, making multi-

modal sensors impractical in some lightweight operation scenarios.

Although using multiple sensors during inference is not favored, we can harness this
cross-modal knowledge during student model training. This is where cross-modal
KD enters the picture. Specifically, in the student training phase, as depicted in
Fig. 6.1, distinct modalities can be fed into the pre-trained teacher model. The
extracted teacher features can then guide single-modal student models in learning
superior features through additional supervision. During inference, student models
can still rely on single-modal data, eliminating the need to accommodate multiple

SENsors.

Given the inconsistency in feature embedding across different modalities, directly
compelling students to learn teacher features would be intricate. In contrast, the
relational KD paradigm [71], which delves into feature relationships, offers a more
suitable approach to address this inconsistency. However, the vanilla relational
KD solution only considers feature relationships in limited embedding spaces, and
they restrict relationship computing within the same knowledge agents (i.e. either
teacher-teacher relationships or student-student relationships). These limitations

hinder the efficient transfer of knowledge from teachers to students.
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To mitigate these issues, we propose to extend the scope of feature relationships,
encompassing both self-agents and cross-agents to facilitate a more comprehensive
exploration of knowledge. In addition, our approach performs feature embedding
in multiple manifolds with diverse feature geodesic measurements, enhancing the
construction of effective feature relationships. Based on these designs, we propose

DistilVPR as a cross-modal distillation pipeline for visual place recognition.

Through extensive experiments, we showcase the remarkable performance of Dis-
tilVPR when compared to previous KD baselines. Our approach achieves SOTA
performance in the task of cross-modal distillation for visual place recognition.
Furthermore, we rigorously investigate our design through vital ablation studies,

providing empirical evidence of the efficacy of our proposed methodology.

3D feature mi]
— / — 3D
N place recognition
1
|
| distil

|
I
teacher

(CaEhEE - / feature

I

|
| distil
|
9

¥ 8
2D
student / 2D

place recognition
2D feature
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FIGURE 6.1: The pipeline of cross-modal KD to transfer knowledge from the
cross-modal teacher to single-modal students.

6.2 Methodology

In this section, we first provide the problem formulation. Then, we introduce the
DistilVPR architecture in detail.
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6.2.1 Problem Formulation

In this study, we address the challenge of cross-modal KD for visual place recognition.
We focus on a scenario where a pre-trained teacher model is provided, capable
of processing images and/or point clouds as inputs for multi-modal visual place
recognition. The single-modal student models accept either image inputs or point
cloud inputs. Our objective is to distill the teacher’s knowledge to the students,
empowering them to acquire enhanced understanding during training. This, in
turn, improves student performance during inference without the requirement for

cross-modal sensors.

Specifically, we denote a batch of teacher outputs as! T = {ti €ERC :ic [B]} and
student outputs as S = {s; € R” : i € [B]}, with the batch size B and the same

output channel size? C .

6.2.2 Relational Distillation

There are typically two ways to conduct KD, including direct KD and relational KD.
Direct KD is a straightforward way that directly applies sample-wise supervision

by minimizing the loss

'Cdirect = Z E(tza Si)a (61)

1€[B]

where ¢(-) denotes the loss function. This approach pulls student embeddings

towards teacher embeddings, which can be regarded as sample-wise supervision.

By contrast, relational KD does not apply explicit sample-wise supervision. Instead,
it measures inter-sample relationships, which can be regarded as implicit knowledge.

Relational KD is formed by minimizing

‘Crelationship = Z 6(7"(132',13]'), T(Shsj) )7 (62)

i,j€[B]

where r( -, -) is the relational function to compute embedding distances.

'We denote [B] = {1, ..., B} for simplification.
2We assume the teacher and the student have the same output channel size.
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Through our experiments, we have observed that compared with direct KD, rela-
tional KD is inherently a better choice for cross-modal KD in visual place recognition
for the following reasons. On one hand, in visual place recognition, places are recog-
nized by computing query-database similarity, where the training goal is to minimize
the query-positive distance and maximize the query-negative distance. The relative
feature relationships are more critical than the absolute feature embeddings, for
which the relational KD scheme that explores relative embedding distance would
be a more suitable solution for visual place recognition. On the other hand, cross-
modal features may have inherently different embedding patterns. Thus it would
be intractable to force single-modal features to be embedded in the same space as
multi-modal features using direct KD schemes. Based on these insights, we follow
the relational KD scheme in (6.2) to design a more efficient cross-modal distillation

solution.

6.2.3 Multi-agent Relationship

We generically call a teacher output t; or student output s; an agent. One limitation
of the basic relational KD is that it confines the computation of relationships within
the same type of agent, i.e., teacher-teacher r(t;,t;) and student-student r(s;,s;).
Despite relational KD being able to achieve considerably better performance than
direct KD counterparts, it lacks a more generalized consideration of the combination

of different agents.

To generalize the combination of different agents, there are three scenarios for
relationship computation as shown in Fig. 6.2. We expand (6.2) to further explore
not only the self-agent relationships, r(t;, t;) and r(s;,s;), but also the cross-agent
relationship, r(t;,s;). Specifically, the three generalized relational KD losses are

formulated as:

Li—w= Y Ur(tit;), r(si,s)) ), (6.3)

i,j€[B]

L= Y Ur(tis;), r(si,s)) ), (6.4)

i,j€[B]

Lit—ts = Z E(r(ti,tj)7 T<ti7sj) ). (6.5)

1,J€[B]
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FIGURE 6.2: Three generalized relational KD schemes.

From above, (6.3) is the vanilla relational KD scheme in (6.2). By contrast, (6.4) and
(6.5) are two additional schemes with (6.5) used in CSD [124]. In the two schemes,
cross-agent relationship r(t;,s;) bridges the gap between teacher features and
student features. The additional information would contribute to a more effective

KD process.

Comparing (6.4) and (6.5), we have empirically found that (6.4) generally outper-
forms (6.5), as seen in Table 6.4. This may be attributed to the fact that within the
four variables in (6.5), only one pertains to the learnable student features, while
the remaining three variables are associated with the fixed teacher features. Conse-
quently, the optimal solution domain for minimizing (6.5) becomes constrained. For
example, considering r as the Euclidean distance function, the optimal solution is
confined to a sphere. Similarly, this constraint could potentially elucidate why direct
KD in (6.1) yields inferior results compared to relational KD, given that direct KD
also involves only one variable for student features, resulting in the optimal solution

domain that is a single point.

Based on these insights, we thus use (6.4) to compute cross-agent relationships,
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along with (6.3) for self-agent relationships. These distinct relationship patterns

constitute the core components of our approach.

6.2.4 Multi-manifold Relationship

Since different modal features may not be embedded similarly, it becomes essential to
adopt a more comprehensive metric for measuring agent relationships. Consequently,

we introduce combined manifold spaces to augment the effectiveness of relational
KD.

Different feature manifolds can be categorized based on their curvature. The Eu-
clidean space represents the most prevalent manifold with zero curvature, while
the spherical manifold exhibits positive curvature, and the hyperbolic manifold
has negative curvature. By amalgamating multiple manifolds, we can facilitate
features to possess more comprehensive embedding relationships by leveraging

distinct geodesic distances.

6.2.4.1 Euclidean Relationship

The Euclidean space serves as a prominent example of a flat manifold, exhibiting
zero curvature across all points. Within Euclidean space, the calculation of the
geodesic distance between any two points is given by the conventional Euclidean
distance formula. The distance dg,. is the straight-line distance between two points

x,y in a Cartesian coordinate system given by:

deue(X,y) = ||x — ¥y]| - (6.6)

In our work, the Euclidean distance yields the Euclidean-based losses as:

‘Cteyfss = Z f( deuc(tiatj)a deuc(siasj) ), (67)
i,j€([B]
L= 3 U deuclti,s)), dewclsis;) ). (6.8)

i,5€[B]



94 6.2. Methodology

6.2.4.2 Spherical Relationship

The second relationship we consider is the spherical relationship. In contrast to
Euclidean space, the spherical manifold displays a distinct characteristic by pos-
sessing a constant positive curvature. The geodesic distance between two points is
calculated based on the angular separation between the points and the radius of
the sphere. Following previous works [123, 125], we adopt the cosine distance to
explore the spherical-based relationship, which is given by

Xy

deos (5 ¥) = T (6:9)

Then we incorporate the cosine distance as the second consideration to explore

positive-curvature relationships, and the losses are formulated as:

‘ngiss = Z g(dcos(t’h tj>7 dcos(sia Sj)); (610)
i,j€[B]

E:;)iss = Z €<dcos(ti7 Sj)7 dcos<si7 Sj))~ (611)
i,j€[B]

6.2.4.3 Hyperbolic Relationship

A comprehensive relationship evaluation would benefit more from various feature
pattern exploration of KD agents, and it can thus contribute to more effective KD
from the teacher to the cross-modal student. However, the above two measurements
explore feature relationships in either zero-curvature or positive-curvature manifolds
as in RKD [71]. There is a lack of consideration of relationships in negative curvature
manifolds, which would result in insufficient KD. To this end, we introduce the

third relationship based on the negative curvature manifold.

In our work, we embed both teacher outputs and student outputs in the Poincaré

ball, and the hyperbolic losses are computed as:

L=y é( diyp (t?yp,t;%yp),dhyp <s?yp,s?yp> ) (6.12)
i,5€[B]
£07= 37 0 iy (677,81 iy (177517 ). (6.13)

1,j€[B]
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where t"? = exp§(t;) and s/ = expf(s;) are hyperbolic teacher and student

embeddings, respectively.

6.2.5 Overall Loss Function

Finally, we combine the insights from multiple agents and multiple manifolds to
construct our distillation pipeline. Specifically, we first formulate two distillation
losses, including the self-agent distillation loss Lkp_g and the cross-agent distillation

loss Lxp_c respectively as:

‘CKD—S = LETIZIESS + ‘C(t:?iss + ‘Ciltyfssa (614)
£KD—C = ﬁisufss + Efgiss + ‘C?gfss (615>

Subsequently, with weight hyperparameters Ag, Ac and the triplet loss as the visual
place recognition task loss Ly, we propose three different overall losses. They are
denoted as DistilVPR-S, DistilVPR-C, and DistilVPR-SC, respectively:

LpistiivPrR—8 = Ltask + AsLKkD-3, (6.16)
LpistiivPR—C = Liask + AcLxD-C, (6.17)
LpistitvPrR—sc = Ltask + AsLkp-s + AcLkp-C- (6.18)

6.3 Experiments

In this section, we conduct experiments to compare DistilVPR defined in (6.16)
to (6.18) with other KD baselines. We also provide necessary ablation studies to

verify the design efficacy.
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6.3.1 Datasets and Implementation Details
6.3.1.1 Oxford RobotCar

The Oxford RobotCar dataset [101] is a large-scale autonomous driving dataset,
which provides a rich collection of sensor data, including images and point clouds. It
also encompasses various driving scenarios with different weather conditions, traffic
patterns, and pedestrian interactions. We use the processed point clouds provided
by PointNetVLADI[4] which is the standard benchmark data for point cloud and
multi-modal (image + point cloud) place recognition. Since it is equipped with both
images and point clouds, the Oxford RobotCar dataset would be a suitable platform

to test the performance of multi-modal teachers and single-modal students.

6.3.1.2 Boreas

The Boreas dataset [114] is gathered by conducting multiple drives along a consistent
route over one year, thereby capturing notable seasonal fluctuations. It comprises
an extensive collection of over 350 km of driving data, featuring numerous sequences
recorded under challenging weather conditions, including rain, heavy snow, and
night. It also provides multi-modal sensor data such as images and point clouds,
and thus can also serve as a benchmark for both multi-modal and single-modal

models.

6.3.1.3 Implementation Details

We choose two SOTA multi-modal place recognition models as teachers, including
MinkLoc++ [8] and AdaFusion [66]. We use their single-modal branches as students
to test the effectiveness of cross-modal KD. We use the Adam optimizer to train
both teachers and students. The learning rate is set as le — 4 and le — 3 for the
image branch and the point cloud branch respectively. Both teacher models and
student models are trained for 60 epochs with 128 batch size. All experiments are
conducted on an A100 GPU. We follow previous works to use the same evaluation
protocol, including Average Recall@1 (AR@1) and Average Recall@1% (ARQ1%).
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6.3.2 Main Results

6.3.2.1 Fusion-to-single Distillation

As shown in Table 6.1 and Table 6.2, our proposed three KD schemes can achieve
considerably better performance compared with other counterparts in the Oxford
and the Boreas datasets. In addition, our schemes can handle various fusion-to-single
KD tasks, including fusion-to-2D and fusion-to-3D, which further underscores the
efficacy and generalization ability. We have also noticed that relational KD schemes
generally outperform the direct KD counterparts, which shows that the key to
effective distillation for visual place recognition lies in the exploration of feature

relationships rather than mere feature alignment.

Moreover, we have found that the 3D point cloud inputs can always contribute
better visual place recognition performance compared with the 2D image inputs.
This trend holds across both datasets, with the gap being particularly pronounced in
the more challenging Boreas dataset. This observation reinforces the assertion that

utilizing point cloud data is pivotal in achieving effective visual place recognition

results.
T: MinkLoc++ T: MinkLoc++ T: AdaFusion T: AdaFusion

Distillation Method S: MinkLoc++2D  S: MinkLoc++3D S: AdaFusion-2D S: AdaFusion-3D

ARQ@1% ARQ@Q1 ARQ@1% AR@l1 ARQ@1% AR@1 ARQ@1% ARQ@l
Teacher 99.4 97.2 99.4 97.2 99.0 96.6 99.0 96.6
Student w/o distil. 94.7 85.7 98.1 94.4 94.2 84.2 98.0 93.8
*KD [70] 95.2 84.6 98.1 94.3 95.2 84.6 97.8 93.7
*AFD [72] 95.2 84.7 98.1 94.2 94.5 82.9 97.8 93.2
*EPC-Net [126] 95.4 85.6 97.9 93.8 95.3 85.1 98.1 93.7
RKD [71] 96.5 88.5 98.3 94.5 96.2 87.3 98.2 94.4
CSD [124] 95.4 86.0 98.1 94.4 95.3 85.4 98.0 93.8
LSD-Net [74] 95.8 86.1 98.2 94.1 95.9 86.2 97.9 93.9
MKD [73] 95.0 85.4 98.1 93.9 95.1 84.5 97.8 93.7
(ours) DistilVPR-S 96.7 88.7 98.3 95.2 96.2 87.4 98.0 94.2
(ours) DistilVPR-C 97.3 91.1 98.1 94.4 96.6 88.8 98.0 93.7
(ours) DistilVPR-SC 97.0 90.0 98.3 94.6 96.7 89.0 98.3 94.7

TABLE 6.1: Fusion-to-single distillation comparison on the Oxford RobotCar
dataset. "T:" and "S:" stand for the teacher model and the student model
respectively. Direct distillation solutions are marked with "*", while relational
solutions are without any mark. The best results are bold and underlined, while
the second-best results are underlined only.
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T: MinkLoc++ T: MinkLoc++ T: AdaFusion T: AdaFusion
Distillation Method S: MinkLoc++2D  S: MinkLoc++3D S: AdaFusion-2D S: AdaFusion-3D
ARQ@Q1% ARQ@Q1 ARQ@1% ARQ1 ARQ@1% AR@1 ARQ@1% AR@1

Teacher 98.9 93.1 98.9 93.1 98.9 93.2 98.9 93.2
Student w/o distil. 75.2 60.0 98.5 91.0 74.5 59.6 98.9 91.5
*KD [70] 75.8 61.4 98.1 90.4 76.9 60.3 98.5 91.7
*AFD [72] 75.5 60.4 97.4 88.4 75.9 58.5 98.7 92.7
*EPC-Net [126] 75.3 60.8 98.0 89.8 75.4 60.5 98.9 92.4
RKD [71] 78.0 62.9 99.1 91.6 78.8 62.5 98.9 93.9
CSD [124] 76.3 61.4 98.2 90.9 77.0 61.2 99.1 92.8
LSD-Net [74] 74.5 59.3 98.7 92.0 76.7 60.4 98.5 92.2
MKD ([73] 77.6 61.3 96.9 88.2 76.5 61.0 98.9 92.2
(ours) DistilVPR-S 77.3 63.4 98.5 92.1 80.1 64.1 99.3 94.0
(ours) DistilVPR-C 77.0 65.1 97.8 90.5 79.7 64.7 98.8 92.3
(ours) DistilVPR-SC 79.3 67.2 98.3 91.3 78.0 65.5 99.3 93.6

TABLE 6.2: Fusion-to-single distillation comparison on the Boreas dataset.

6.3.2.2 3D-to-2D and Big-to-small Distillation

We evaluate the cross-modal distillation performance by training teachers with pure

3D point cloud inputs and students with pure 2D images. As illustrated in Table 6.3,

the distinct advantages of DistilVPR become more evident in this context. Notably,

in the 3D-to-2D scenarios, DistilVPR-SC exhibits notably superior performance

compared to other baselines. This result underscores the pronounced effectiveness of

our methodology in addressing the intricate challenge of distillation across disparate

modalities. We also assess the basic scenario of distillation from a larger model to

a smaller one, as presented in Table 6.3. In this setting, our proposed approach

continues to demonstrate effective distillation performance.

Distillation Method

T: MinkLoc+42D-Big
S: MinkLoc+-+2D

T: MinkLoc++43D  T: AdaFusion-2D-Big
S: AdaFusion-2D

S: MinkLoc+-+2D

T: AdaFusion-3D
S: AdaFusion-2D

ARQ@1% AR@1 AR@1% AR@l1 ARQ1% AR@1 ARQ1% ARQ1
Teacher 80.3 66.4 98.5 91.0 87.8 64.7 98.9 91.5
Student w/o distil. 75.2 60.0 75.2 60.0 74.5 59.6 74.5 59.6
*KD [70] 75.1 60.1 74.9 58.6 76.8 60.6 75.8 59.0
*AFD [72] 77.3 62.5 75.3 56.5 76.2 58.5 76.5 59.4
*EPC-Net [126] 74.8 59.2 73.5 58.6 77.3 60.4 75.2 60.5
RKD [71] 76.4 61.7 76.2 60.4 75.8 61.5 77.4 61.4
CSD [124] 77.3 60.3 76.2 60.3 76.1 60.2 76.8 61.0
LSD-Net [74] 77.6 61.9 75.1 57.0 74.8 60.3 74.7 59.1
MKD [73] 77.2 60.1 75.5 59.0 74.1 60.0 75.5 60.1
(ours) DistilVPR-S 77.9 62.0 76.4 61.3 76.8 62.2 77.1 62.6
(ours) DistilVPR-C 77.0 64.2 78.0 66.4 77.3 64.2 78.4 65.9
(ours) DistilVPR-SC 77.1 65.4 81.1 68.2 76.8 64.7 79.0 66.5

TABLE 6.3: Big-to-small and 3D-to-2D distillation comparison on the Boreas

dataset.
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6.3.3 Ablation Studies
6.3.3.1 Agent Relationships
We compare the performance of different relationships as in Table 6.4. The com-

bination of using both self-agent and cross-agent relationships achieves optimal

performance, which verifies the effectiveness of our multi-agent relationships.

Method AR@1% ARa@1

w/o distil. 752 593
Ly in (6.3) 764 613
Lo s in (6.4) 780  66.4
Ly in (65) 761  60.6

Lit—ss + Lis—ss 81.1 68.2

TABLE 6.4: Ablation study on the self-agent and cross-agent relationship compu-
tation.

6.3.3.2 Manifold Relationships

We proceed to examine the utilization of different relationship distances, as detailed
in Table 6.5. Notably, the three fundamental distances yield comparable individual
performances. Further using only two manifold distances with insufficient curvature
exploration could not always bring improvements compared with using a single
manifold. By contrast, through the fusion of sufficient relationship distances across
multiple manifolds with consideration of all types of curvatures, a remarkable
enhancement in distillation performance is observed. This substantiates the effec-
tiveness of our approach in exploiting feature relationships within diverse curvature

manifolds.

6.3.3.3 Different Teacher Modalities

In Table 6.6, we present a comparison of the distillation performance achieved
with different teachers. Intriguingly, it is observed that the 3D-based model Min-
kLoc+-+3D can even outperform the fusion model MinkLoc-++ in terms of distil-
lation efficiency. This finding underscores the notion that a good task performer

might not necessarily translate into a good teacher for distillation.
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deve  deos  dnyp Ours-S  Ours-C ~ Ours-SC

59.9 65.2 66.8

v 60.2 64.9 66.5
v 60.0 65.6 67.0
v 60.5 65.8 67.4

v
v v 60.2 66.0 66.8
v v 60.1 66.1 66.9

v v oV 61.3 66.4 68.2

TABLE 6.5: AR@1 comparison on different distance functions and relationship
agent combinations.

Teacher T: AR@1 S: AR@1
MinkLoc++ 93.1 67.2
MinkLoc++3D 91.3 68.2
MinkLoc++2D-big 66.4 65.4

TABLE 6.6: Distillation from different teachers. The student is MinkLoc-+-+2D
with DistilVPR-SC.

6.3.3.4 Visualization

A more detailed example is illustrated in Fig. 6.3 with visualized salience maps.

Distillation facilitates the student in emphasizing scene-specific objects such as

buildings, which showcases the effectiveness of teacher knowledge.

teacher student w/ distil. student w/o distil.

FIGURE 6.3: Visualization of the salience maps. With distillation from the teacher,
the student is guided to focus on scene-specific objects such as buildings.
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6.4 Conclusion and Limitations

This paper presents DistilVPR, a novel cross-modal distillation pipeline designed
for enhancing visual place recognition. We harness multi-agent and multi-manifold
relationships to facilitate knowledge exploration, leading to superior performance

compared to other distillation baselines.

A limitation of our approach lies in its assumption of identical feature dimensions
between teachers and students, potentially restricting its applicability. Nevertheless,
this limitation could be addressed by employing a feature adaptor to align the

feature dimensions of teachers and students.






Chapter 7

Cross-View Localization

In the previous Chapters 3 to 6, we mainly discuss and test ground-view localization
scenarios that all reference data is from the ground systems. However, the collection
of the ground reference data would be tedious due to limited ground FOV. By
contrast, beyond same-view place recognition, utilizing aerial data such as satellite
images and semantic maps introduces a cross-view approach to visual localization.
Aerial data offers a significantly larger FOV and provides geo-referenced information
from a top-down perspective, complementing the limited spatial context available
from ground-level observations. In this aerial-ground place recognition framework,
the ground-level data serves as the query, while the aerial data serves as the
reference. A significant challenge arises from the domain gap between aerial and
ground data, which is primarily due to their different views. Aligning cross-view

features effectively remains a challenging issue in this problem.

The current aerial-ground multi-modal place recognition method [69] depends
significantly on pre-computed semantic masks to construct object graphs based on
detected objects. This reliance reduces flexibility in diverse or unstructured settings,
especially when clear semantic information is either absent or noisy. Additionally,
existing multi-modal models [8, 67] often overlook the importance of enhancing
geometric awareness in the generated scene descriptors, a key factor for achieving

accurate spatial reasoning in aerial-ground scenarios.

In light of these challenges, we propose a cross-view solution by constructing a

surrogate manifold that bridges the feature domains, facilitating smoother feature

103
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alignment across the aerial and ground modalities. Additionally, we leverage the non-
intersection property of neural ODEs to generate geo-consistent scene descriptors.
This approach ensures that the features we extract maintain consistency with actual
geometric distances, which enhances cross-view place recognition and yields more

accurate visual localization results.

7.1 Introduction

Apart from models addressing scenarios where both query data and database data
come from the same viewpoint, achieving place recognition in cross-view scenarios
(aerial-ground[127-130]) presents another interesting problem. The aerial-ground
place recognition is particularly valuable for ground robot localization due to the
availability of extensive aerial RGB or semantic maps that offer broad FOV coverage.
Additionally, collecting aerial data is more efficient than ground data, especially
in challenging terrains like forests and mountains. These aerial maps provide rich
geometric references, enabling ground robots to achieve accurate and effective
localization|131, 132].

aerial-view map database aerial-view —> during inference
database descriptors |~~~ during training

2D
VPR model

eg. -
ResNef—GeM triplet loss query-database _
training matching @

v place
s | \recogaiton
PR model . for ground
we design ground-v1ew agent localization
ground-view multi-modal query 4GPlace 1% descriptor

FIGURE 7.1: The pipeline of the multi-modal aerial-ground place recognition
problem. (1) The aerial-view geo-tagged maps (e.g. aerial RGB images, road
maps) act as the database; (2) The ground-view multi-modal data (images +
point clouds) are the place query to be matched with the database.

We investigate the challenge of multi-modal place recognition in the aerial-ground
scenario. More specifically, as shown in Fig. 7.1, we consider the ground data to be

with multiple modalities, consisting of both images and point clouds. On the other
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hand, aerial data encompasses various formats, including real captured aerial RGB

images as well as semantic maps such as road maps.

Despite advancements, the existing multi-modal cross-view place recognition ap-
proach VSGP [69] relies heavily on pre-computed semantic predictions to build
object graphs from detected objects. While this is a useful approach in structured
environments, it limits adaptability in diverse and unstructured settings, partic-
ularly where clear semantic information is lacking or noisy. Furthermore, current
multi-modal models [8, 67| often neglect to enhance the geometric awareness of the
constructed scene descriptors, which hinders their performance in aerial-ground

localization scenarios.

To mitigate these challenges, we utilize a manifold to fuse multi-modal information
by learning manifold chart functions to relate points in 2D or 3D spaces to the man-
ifold. The fusion embedding is constructed using neural ODEs, which describe the
movement of points on the manifold. Subsequently, the updated fusion embedding
acts as guidance for the extraction of respective modal features to formulate the

final scene descriptor. We summarize our contributions as follows:

1. We propose AGPlace, a multi-modal solution to deal with aerial-ground place
recognition. It leverages neural ODEs to achieve effective multi-sensor feature

fusion inspired by point movement on a manifold.

2. We establish two benchmarks to evaluate AGPlace, which consists of different

multi-sensor ground data and various aerial database maps.

7.2 Methodology

In this section, we first present the problem formulation of multi-modal aerial-
ground place recognition, followed by detailed descriptions of our proposed AGPlace

approach.

7.2.1 Modal-Specific Feature Extraction

The overall pipeline is shown in Fig. 7.2. We follow the previous cross-view VPR

solution|128, 133| that uses two different networks (i.e., not sharing weights) to
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ﬂﬂﬁ . . /// } aerial part

e.g ResNet-GeM aerial map descriptors

3D backbone | i (G50 ground part |
i J3p , triplet loss
FL a decoder ,
3D N block k"—‘
—i
ground scene
descriptor
v

€final

aerial maps

ground point cloud

£

fip = Pool(F3p)

fusion

embedding / m

€fuse

£3p = Pool(F3p) 2D backbone

ground image
stage 1: fusion embedding construction stage 2: modal-wise fusion

FIGURE 7.2: The pipeline overview. In the first stage, the ground image and
point cloud are processed with separate backbone branches, the output features of
which are used to build the fusion embedding. In the second stage, the constructed
fusion embedding is mapped into the respective modal spaces to achieve further
modal-wise feature extraction. The obtained ground and aerial descriptors are
trained with the triplet loss.

handle aerial and ground inputs respectively. For the aerial part, since VPR for the
2D modality is well-established, we can use off-the-shelf 2D VPR methods (e.g.,
ResNet-GeM|[43]) to extract aerial descriptors. And our design is mainly focusing
on the ground part that takes multi-modal query inputs. Given 2D image and 3D
point cloud query inputs, we first use separate 2D and 3D backbones to extract
the respective basic features in each modality. Using hierarchical information is a
common technique in various tasks, and we follow this manner to extract multiple
feature maps. We denote the feature maps at the I-th backbone block as Fi, and

F!, and all the gathered feature maps are denoted respectively as:

Fop = {FgD eRV'*C . ¢ [L]}, (7.1)
Fyp = {F@D e RV'*C . ¢ [L]}, (7.2)

where N is the number of feature vectors at block [, C'is the number of corresponding

feature channels,! and L is the number of backbone blocks.?

For images, we use the standard 2D format. For point clouds, we use the 3D voxels
format, which is a common format in 3D place recognition|8|. 3D point clouds can

also be projected onto 2D planes and extracted by 2D backbones, e.g. spherical

'For illustration simplicity, we assume 2D and 3D backbones have the same number of feature
vectors and channels.
*We denote [N] = {1,...,N}.
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projection and BEV projection. However, these projection methods would either
lose information or change the neighboring connections, which would result in

insufficient feature extraction.

7.2.2 Stage 1: Fusion Embedding Construction

To achieve effective information fusion between different modalities in multi-modal
place recognition, we employ a two-stage fusion strategy as depicted in Fig. 7.2. In
this first stage, in addition to the vanilla 2D and 3D feature branches, we introduce
a third branch as a surrogate manifold for fusing feature information from the 2D

and 3D branches and constructing the fusion embedding.

On the other hand, in the problem of aerial-ground place recognition, the significant
domain gap between aerial and ground data poses a challenge for domain alignment.
Introducing a third branch can act as a platform to help bridge this gap. The
visualization of descriptor distances, shown in Fig. 7.3, demonstrates that the
inclusion of the fusion manifold aids in better aligning the two domains, resulting
in the aerial-ground scene descriptor distance that more closely corresponds to the

actual geometric distance.

aerial-ground aerial-ground aerial-ground
desc. distance desc. distance geo. distance
w/ fusion manifold w/o fusion manifold

FIGURE 7.3: Aerial-ground (database-query) scene descriptor distance visualiza-
tion. Symmetrization is applied for better visualization.

At the fusion embedding construction stage, we leverage the extracted feature maps
F5p and F3p from each modal backbone to build the fusion embedding. Inspired by
the concept of space point motion on manifolds in differential geometry [90], we
model the fusion embedding construction as a multi-block state evolution process
(shown in Fig. 7.4). This process starts from the last block and progresses towards
the first block (i.e., L — 1), allowing the embedding state to incorporate more global-

level information at later blocks that is beneficial for the place recognition task. At
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each block, the evolution consists of two sub-processes: (1) state initialization and

(2) state updating.

7.2.2.1 State Initialization

At each backbone block I, we denote the initial fusion state as v'(t = 0) € M on

the C-dimensional manifold M, and define it as:

l m’ if l =L,
7(0) = (7.3)
m' ++"H(T)  otherwise,

where T is the state updating end time, and m' € {m'}%, is the fusion state
momentum. Specifically, m' is constructed using feature vectors from the respective
[-th backbone block:

m' = b (£55) + ¢ip (Fip).- (7.4)

Here, ob (), ¢5p () : RY — MC are learnable manifold chart functions represent-
ing connections between the 2D /3D space and the fusion manifold. A chart for a
manifold M provides a local coordinate system, capturing local structures of M.
flp, fip € RY in (7.4) are the pooled 2D and 3D features from the respective modal

space:
féD = Pooling(FZZD), féD = Pooling(FéD). (7.5)

The pooling function can highly summarize the global information of the whole
scene, which is beneficial for constructing a fusion embedding with rich global
multi-modal domain representations and thus benefits the place recognition task.
This differs from dense prediction tasks (e.g. depth estimation, segmentation) that

more dig into local patterns.

7.2.2.2 State Updating

In Riemannian geometry, the movement of a point on a manifold can be described
by a parametric curve [90]. Inspired by this, we model the process of updating the

fusion embedding state as the movement of a point in the manifold.
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FIGURE 7.4: Fusion embedding evolution process starting from the last block and
ending at the first block (i.e. L — 1). The trajectories contain the movement of
fusion embedding and are depicted by neural ODEs. In each ODE block, different
inputs at time 0 guarantee different outputs at time 7.

ODEs serve as a fundamental tool for describing dynamical systems. They express
how a system state evolves over time, capturing relationships between the system

variables and the rates of change. Based on this, the movement dynamics on a
manifold can be described by an ODE:

T f('Y(t)a t)’ (76)

where (t) denotes the state trajectory.

The non-intersection of ODE solutions presented in Theorem 1 indicates that
different ODE inputs guarantee different ODE outputs. This property helps to
construct a more effective embedding that benefits place recognition. In our pipeline
in (7.3), given that the initial fusion states at block [ are different for different places,
neural ODEs can update feature representations while theoretically maintain the
feature differences at this block, which help constitute different scene descriptors

and benefits the place recognition task (Fig. 7.4).

In detail, we update the fusion embedding from its initial state using parameterized
neural ODEs at each block [, which can be regarded as point movements on the

manifold:

dv'(t)

2 = ), (17)

where +!(t) is the fusion embedding state trajectory at block I, fs () is a non-linear
neural block with learnable parameters #' that describes the trajectory dynamics.

By solving (7.7), we can obtain the updated state 7'(T") at the end time T'. At the

-1

next block [ — 1, the start state v/~1(0) is initialized based on momentum m'~* and
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the last end state 7/(T'), as shown in Fig. 7.4 and (7.3). After progressive updating,
finally, we obtain the end state at the first block v*(7') as the final constructed
fusion embedding efse = 71(T) € M.

Corollary 1. (Distinguished fusion states.) In each neural ODE block I, given two
ODE inputs 74 (0) # ~5(0) from two different scenes are different, then the two ODE
outputs at this ODE block are different v{(T) # ~4(T).

As stated in Corollary 1, the neural ODE process can produce different fusion states,
which would help construct more distinguished representations for different places
and thus contribute to more effective place recognition performance. The visualized

illustration of Corollary 1 is shown in Fig. 7.4.

7.2.3 Stage 2: Modal-Wise Fusion

The fusion embedding eg, captures rich multi-modal fusion information, which in
turn serves as effective guidance for individual fine-grained local-level modal feature

learning.

With the surrogate fusion embedding injected into the respective 2D /3D spaces,
the tight coupling connection of the 2D and 3D embeddings could be softened,
where the perturbation of a modality could be mitigated by the surrogate fusion
information. As shown in Table 7.2, with the help of included fusion embedding in

this stage 2, the final scene descriptor could be more robust against sensor failing.

Specifically, as illustrated in Fig. 7.2, we project the fusion embedding into the

corresponding modal space to obtain 2D and 3D embeddings:

€p = wfusc,ZD(efusc>7 €3p = 7pfusc,fiD (efusc)7 (78>

where Ysuseon (), Vusesn () : MY — R are chart functions that establish connec-
tions from the fusion manifold to the respective 2D and 3D spaces. These 2D and 3D
embeddings capture rich multi-modal information, which is further combined with

the original modal feature maps Fi, and F from the last block L to construct
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more effective representations through decoder blocks gap( - ), gsp(-):

GIQD = POOlng(ggD(egD () FgD))) (79)
e = Pooling(gsp(esp @ F§D)), (7.10)

where @ denotes broadcast addition. By injecting the highly summarized fusion
embedding, the respective local modal feature maps can capture more global
information and achieve more robust representations. The decoded embeddings e},

and e}, are used to construct the final scene descriptor in the sequel.

7.2.4 Final Scene Descriptor and Loss Function

Our final ground scene descriptor consists of the decoded modal embeddings, as

well as the fusion embedding. It is obtained as follows:
€final = )‘/(e/QD + e/BD) + )‘fuseefusea (711>

where N, A\quee are weights to balance different components.

As shown in Fig. 7.2, the domain connection between aerial and ground descriptors

is achieved by minimizing the triplet loss function[112]:
L= max( Heanchor o epositiveH o Heanchor o enegativeH +m, 0)’ (712)

where m is the margin hyperparameter and || - || is the fo-norm. echor gpositive gnegative
are the descriptors of an anchor query (ground), a positive map (aerial), and a

negative map (aerial), respectively.

7.3 Experiments

7.3.1 Datasets and Implementation Details

To evaluate the performance of multi-modal aerial-ground place recognition models,
we create benchmark datasets that consist of comprehensive ground sensor data and

corresponding aerial database maps. We specifically construct two datasets, namely
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FIGURE 7.5: Data visualization from the KITTI360-AG dataset.

KITTI360-AG and NuScenes-AG. Examples are shown in Fig. 7.5. In addition, we
also test our models on the Oxford RobotCar benchmark datasets used in previous

multi-model ground-ground place recognition evaluations.

7.3.1.1 KITTI360-AG

For the ground dataset, we use the vanilla KITTI360 [134] dataset as the base to
provide ground-view images, point clouds, and GNSS coordinates. We use a total
of 7 sequences, in which the first 85% frames are for training and the last 15%
frames are for testing, such that the test frames consist of seen and unseen areas for
both fitting and generalization evaluation. The aerial data is generated based on
the GNSS coordinates of the ground data frames. We use the Google Maps Static
API? to download the corresponding aerial images, including satellite images, and
road maps. We set the Google Maps Static API parameters as follows: scale=1,
zoom—20, size=640x640. Each aerial image covers an approximately 75x75 m?

area.

7.3.1.2 NuScenes-AG

The NuScenes [135] dataset provides a rich collection of sensor data collected from
real urban driving scenarios, which also contains multi-view cameras. We download
the aerial data based on GNSS coordinates with similar configurations mentioned
in KITTI360-AG. The official train/test split is used in our setting, such that test

scenes contain seen and unseen areas for both fitting and generalization evaluation.

Shttps://developers.google.com/maps/documentation/maps-static/overview


https://developers.google.com/maps/documentation/maps-static/overview

Chapter 7. Cross-View Localization 113

7.3.1.3 Oxford RobotCar

The Oxford RobotCar benchmark dataset is a public benchmark used for multi-
modal ground-ground place recognition. There are two different splits used by
MinkLoc++ (Oxford-Mink+) and AdaFusion (Oxford-Ada) respectively. And we

compare our model under both settings.

7.3.1.4 Implementation Details

We select open-sourced SOTA multi-modal place recognition models as ground
network baselines for query descriptor construction, mainly including MinkLoc++
[8], AdaFusion |66], HMPR [136], LCPR [67|, UMF [18], and MSSPlace [137]. VSGP-
place recognition [69] does not provide open-source codes and EINet [138] only
provides data splits without model codes, which hinders us from comparing with
them. Our backbones are constructed based on MinkLoc+-+. For the aerial database,
all 3D and multi-modal baselines use ResNet-18-GeM for a fair comparison (with
a linear layer to align descriptor dimensions) as the aerial model. Both aerial and
ground models are trained during training. We use recall@K (K = 1,5,10)(RQK),
average recall@1%(ARQ%]1), and average recall@1(AR@1) as the metrics. The
positive retrieval threshold is set as 25 m. All experiments are conducted on a Tesla
A100 GPU. More dataset, baseline, and implementation details are provided in the

supplement.

7.3.2 Main Results
7.3.2.1 KITTI360-AG (Satellite Images and Road Maps)

We conduct an evaluation of AGPlace on the KITTI360-AG dataset as demonstrated
in Table 7.1 (Best is in bold and second best is underline). AGPlace outperforms
all other baselines in both satellite and road map settings. On the other hand, when
using the road map aerial database, most models can already show considerable
recall performance. This suggests that semantic maps, which are easily accessible
and created without the need for satellites, drones, or airplanes, can already provide
sufficient information for practical place recognition tasks. This finding opens up

interesting possibilities for future research in the field [139, 140]. We also test the
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2D VPR methods with the strong foundation backbone DINOV2[141], some of

which can even surpass 3D counterparts.

Model Satellite Road Map
R@1 R@5 R@10|R@1 R@5 R@10
(2018) GeM (ResNet18)  [22.1 34.8 44.5 [20.5 31.9 37.5
(2022) TransGeo (DINOV2)|31.1 46.1 53.9 [19.9 33.1 42.9
(2023) AnyLoc* (DINOV2) | 42 87 13.0 |54 55 5.9
(2024) SALAD (DINOV2) |31.4 46.3 53.2 [20.1 32.4 39.1
(2022) MinkLoc3DV2 27.5 38.5 44.7 [26.0 37.7 43.7
(2023) BEVPlace 21.7 34.8 421 [19.4 33.8 41.1
(2021) MinkLoc++ 31.9 46.2 52.0 [28.8 43.0 50.3
(2022) AdaFusion 33.0 44.9 51.9 282 42.3 50.7
(2024) LCPR 33.3 48.1 54.0 [26.0 42.9 51.1
(2024) UMF 31.1 46.6 54.4 (29.1 43.5 514
(2024) MSSPlace 32.2 46.9 53.0 [29.0 43.4 50.5
AGPlace (ours) 135.7 50.5 57.0 |30.5 45.6 53.9

TABLE 7.1: Aerial-ground place recognition results on the KITTI-360-AG dataset
using satellite or road map aerial sources. "*" denotes the model is frozen and
purely relies on pre-trained weights.

7.3.2.2 NuScenes-AG (Ground Sensor Failing)

We next experiment on the NuScenes-AG dataset that consists of a LiDAR and
multiple cameras, where AGPlace can also achieve significant performance. With
the fusion embedding injected into the respective 2D /3D spaces in stage 2, the
final scene descriptor demonstrates stronger robustness both camera and LiDAR
failing. This demonstrates that our model can be more applicable in real deployment

conditions.

cams + LiIDAR| cams fail |LiDAR fail

Model R@l R@5 |R@l RG5|Ra@l R@s
MinkLoc++ 70.4 82.1 16.9 273| 26 7.3
AdaFusion 71.9 82.3 9.0 178 3.5 6.7
LCPR 57.7 74.2 3.2 62|86 17.1
UMF 69.4 82.5 2.7 73108 29
MSSPlace 71.3 82.2 174 29.8| 5.0 &7
AGPlace w/o stg. 2| 72.8  83.3 18.8 29.6 | 6.4 15.7
AGPlace (ours) 74.4 84.7 |22.5 32.4|12.5 22.1

TABLE 7.2: Aerial-ground place recognition results on the NuScenes-AG dataset
using satellite image database. "fail" denotes dropping the modality input during
testing. All models are trained with both modalities.
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7.3.2.3 Oxford Benchmark

We also compare our model with previous SOTA baselines on the public Oxford
benchmark dataset for ground-ground place recognition. As in Table 7.3, our
model (without using extra data, re-ranking, or multiple cameras) can also show
better performance than previous SOTA counterparts, which further verifies the

effectiveness of our design.

Model Extra |Oxford-Mink+| Oxford-Ada
train data|ARQ1% ARQ1|ARQ@1% ARQ@1
CORAL 96.1 - - -
PIC-Net 98.2 - - -
Cues-Net - - - 98.0
MinkLoc+-+ 99.1 96.7 - -
AdaFusion - - 99.2 98.2
HMPR - - 99.6 96.9
UMF v 99.1 97.9 - -
MSSPlace 99.1 97.6 - -
HMPR + re-rank - - 99.7 99.0
UMF + re-rank v 99.3 98.3 - -
MSSPlace + mul-cam 99.5 98.2 - -
AGPlace (ours) | | 99.7 98.3| 99.9 99.3

TABLE 7.3: Ground-ground place recognition Results on the Oxford benchmark
datasets. "-" denotes the result is not provided in the paper.

7.3.3 Ablation Studies

7.3.3.1 Module Ablation

We verify the effectiveness by ablating each module in our network. As shown in
Table 7.4, both the two fusion stages in Fig. 7.2 can contribute to better final

performance, confirming the efficacy of our approach.

7.3.3.2 ODE Updating

During the state evolution process, we parameterize the fusion embedding state
trajectories as learnable neural ODEs. Notably in Table 7.5, upon removing the
ODE updating mechanism, performance deteriorates across all metrics. ODEs also

perform better than MLP and attention, both of which cannot guarantee outputs’
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KITTI360-AG (Sate.)

Stage 1 Stage 2 | R@1l R@5 RQ10
31.9 46.2 52.0

v 34.0 48.6 55.9

v 325 474 54.2

v v 35.7 50.5 57.0

TABLE 7.4: Module ablation.

-
\
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end
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FIGURE 7.6: t-SNE plots of ground scene descriptors (from a consecutive frame
sequence). ODEs can help build more consistent descriptors that align with the

consecutive geometry.

differences. In addition, the ¢-SNE visualization in Fig. 7.6 shows ODEs can build

more consecutive scene descriptors, underscoring the necessity of the ODE-based

fusion state updating process for place recognition.

Next, we evaluate the performance of different fusion directions, as outlined in

Table 7.5. The direction “block L — block 17, which transfers information from

high-level summaries to detailed low-level representations, emerges as the preferred

choice for fusion embedding construction.

. KITTI360-AG (Sate.)
State Updating Method RG] RG@5 RO10
w/o ODE 33.5  48.2 55.3
w/ MLP 33.9 488 56.1
w/ attention 342 491 55.9
w/ ODE 35.7 50.5 57.0
Fuse Direction
block 1 — block L 34.6 494 56.1
block 1 + block L 35.7 50.5 57.0

TABLE 7.5: State updating method and fusion direction.
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KITTI360-AG

Ground Modality | Aerial Modality R@1 R@5 RQ10

image satellite 28.5 47.0 54.2
point cloud satellite 27.4 419 49.6
image + point cloud | satellite 35.7 50.5 57.0
image + point cloud | roadmap 29.2 455 53.9

image + point cloud |satellite + roadmap |37.0 52.3 59.8

TABLE 7.6: Ground and aerial modality comparison.

FIGURE 7.7: Salience map visualization.

7.3.3.3 Ground and Aerial Modalities

We evaluate the performance of various modality inputs, including pure 2D, pure 3D,
and combined 2D-+3D inputs, as illustrated in Table 7.6. Our findings demonstrate
that leveraging multiple sensors leads to significant performance improvements
compared to single-sensor inputs, highlighting the effectiveness of multi-modal
inputs. Moreover, we also explore fusing satellite images and road maps for more
representative aerial descriptors. As in Table 7.6, the fusion on both ground and
aerial sides gives even better performance, which indicates an interesting research
topic for aerial fusion in the future. To investigate which part of ground and aerial
inputs are focused in the place recognition network, we visualize the salience maps
as shown in Fig. 7.7. The geometric landmarks are emphasized (e.g. buildings and
roads), which verifies the geo-feature extraction effectiveness of both aerial and

ground models.

7.3.3.4 Runtime Performance

Finally, we assess the runtime speed and memory consumption of our model. AG-

Place demonstrates acceptable real-time performance, satisfying basic deployment
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and application requirements. All compared models exhibit comparable memory

usage, with no significant discrepancies observed in this metric.

Model | Speed (FPS) GPU Memory Usage (GB)
MinkLoc+-+ 80 0.58
AdaFusion 72 0.59
LCPR 125 0.72
UMF 70 0.60
MSSPlace 75 0.59
AGPlace (ours) | 62 0.61

TABLE 7.7: Runtime performance comparison on a Tesla A100.

7.4 Conclusion and Limitations

In this work, we have proposed AGPlace, a multi-modal model for addressing the
aerial-ground place recognition problem. AGPlace leverages neural ODEs rooted
in differential geometry to achieve effective multi-modal feature interaction. Our
experiments demonstrate that AGPlace outperforms previous baselines and per-
forms well in large-scale scenes, making it suitable for deployment in real-world

environments.

However, this work primarily focuses on ground query data collected in urban
environments, which may limit its generalizability to other realistic settings. In
future work, we plan to expand our dataset and model to include more diverse and
challenging scenarios, such as forests, deserts, and coastlines. This will enable us
to establish a more comprehensive and generalized multi-modal cross-view place

recognition pipeline.



Chapter 8

Conclusion and Future Work

In this chapter, we provide a summary of the visual localization solutions intro-
duced throughout this thesis. We revisit the key methodologies and contributions.
Additionally, we offer a discussion on potential future research directions, exploring
areas where further development could lead to significant improvements in visual
localization techniques. This includes identifying emerging challenges and opportu-
nities for innovation, which may help address current limitations and expand the

applicability of these solutions to new and diverse contexts.

8.1 Conclusion

In this thesis, we investigate the solutions for robust and effective visual localization.
First, we propose to leverage different sensors, including cameras and LiDARs, to
achieve both single-modal and multi-modal localization. Second, we dig into feature
representations and propose to leverage neural ODEs and manifolds to enhance
the robustness of feature extraction, which contributes to more robust localization.
Then, we propose relational KD such that the effectiveness of localization pipelines
can be significantly boosted by stronger teachers. Finally, we also investigate the
problem of cross-view localization by leveraging aerial maps to guide ground system

localization effectively. The detailed contribution of each chapter is listed as follows.

119



120 8.1. Conclusion

In Chapter 3, we introduce RobustLoc, a camera pose regression model specifically
designed for robustness in challenging driving conditions. RobustLoc enhances per-
formance by utilizing covisible image information and neural graph diffusion, which
enables the model to gather and integrate information from nearby sources. This
strategy improves its ability to operate effectively in complex driving environments.

Comprehensive experiments confirm that RobustLoc delivers SOTA results.

In Chapter 4, we present HypLiLoc, a network designed for LiDAR-based pose
regression. The model excels at feature extraction by utilizing global graph attention,
hyperbolic-Euclidean interaction, and modality-specific learning. HypLiLoc achieves
SOTA performance on both outdoor and indoor datasets. While its effectiveness has
been validated on city-scale datasets, further testing is required in more challenging
scenarios, such as noise perturbations and adversarial attacks, to ensure its suitability

for practical applications.

In Chapter 5, we introduce two multi-modal place recognition models, PRFusion
and PRFusion++, that utilize manifold-based attention to enhance feature fusion
at both global and local levels. These models also incorporate neural Beltrami
diffusion to improve the robustness of feature learning. Extensive experiments on
large-scale benchmarks demonstrate the effectiveness of these designs. However, due
to the separate feature extraction for 2D and 3D inputs, these models are more
resource-intensive than several existing alternatives. Future research could focus on

streamlining the pipeline to enable faster and more efficient place recognition.

In Chapter 6, we introduce DistilVPR, a cross-modal distillation framework aimed
at improving visual place recognition. The model leverages multi-agent and multi-
manifold relationships to enhance knowledge transfer, resulting in superior perfor-
mance over existing distillation baselines. One limitation of this approach is its
reliance on matching feature dimensions between teacher and student networks,
which may limit its broader application. However, this challenge could be addressed
by incorporating a feature adaptor, allowing for the alignment of feature dimensions

between the teacher and student models.

In Chapter 7, we introduce AGPlace to achieve effective arial-ground cross-view
place recognition. AGPlace leverages the non-interaction property of ODEs, which
facilitates the construction of more consistent scene descriptors that better align

with the actual geographic distance. We evaluate AGPlace on large-scale datasets,
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demonstrating its superior performance compared to other multi-modal baselines

across a variety of challenging scenarios.

Collectively, these contributions advance visual localization across multiple fronts,

offering robust and effective solutions for a wide range of real-world applications.

8.2 Future Works

While this thesis presents advancements in robust and effective visual localization,
there remain several open challenges and promising avenues for future research. Ad-
dressing these challenges will not only extend the applicability of current techniques
but also pave the way for more generalized, scalable, and adaptable localization
systems. Below, we outline two key areas where future work could make meaningful

contributions.

8.2.1 Generalizable Visual Localization

One possible avenue is the exploration of self-supervised or unsupervised learning
techniques to reduce the heavy reliance on labeled data and enhance generalization
to previously unseen environments. Traditional visual localization methods often
depend on large-scale, manually annotated datasets, which are costly to obtain
and difficult to scale across diverse geographies and environmental conditions. In
contrast, self-supervised approaches can leverage inherent structures in data, such
as temporal continuity in videos, geometric consistency in multi-view imagery, or
cross-modal correspondences between images and LiDAR scans, to learn useful

representations without explicit supervision.

Such techniques hold great promise for learning robust and transferable scene
representations that remain stable under appearance changes due to weather,
lighting, or seasonal variations. In particular, dynamic or densely cluttered urban
environments pose significant challenges for supervised methods due to frequent
structural changes and occlusions. By enabling models to learn directly from
raw sensory data, self-supervised and unsupervised approaches may offer greater

adaptability and resilience, paving the way toward scalable, globally deployable
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visual localization systems that require minimal human intervention during data

collection and model training.

8.2.2 Scalability to Large-Scale and Global Localization

Scaling visual localization methods to operate reliably in large-scale and geograph-
ically diverse environments, such as city-wide navigation, inter-city mapping, or
cross-country autonomous driving, remains a fundamental challenge. As the size and
complexity of the environment grow, issues such as memory consumption, retrieval
latency, and sensitivity to environmental variations (e.g., lighting, weather, seasonal
changes) become increasingly prominent. Existing approaches often struggle to

maintain both efficiency and accuracy under such a scale.

Future research could investigate hierarchical or multi-level localization strategies
that decompose the global localization problem into more manageable sub-tasks. For
example, a coarse-to-fine pipeline may first perform coarse region-level localization
using global descriptors or GPS priors, followed by fine-grained pose estimation
within the localized region. Additionally, leveraging scene graph hierarchies, se-
mantic maps, or geo-spatial priors could further improve scalability and retrieval
performance. These techniques, when combined with memory-efficient data struc-
tures and distributed indexing, may unlock new levels of scalability for real-world

deployment.

8.2.3 Reasoning-Based Localization

Humans often localize themselves by reasoning over geo-relevant cues, such as
landmarks, spatial relationships, and contextual knowledge, rather than solely
relying on direct similarity comparisons between the current view and a database.
This cognitive approach fundamentally differs from conventional similarity-based
localization methods. Recently, large language models (LLMs) have exhibited strong
reasoning capabilities in domains such as mathematical problem solving and code
generation. Inspired by these developments, we can also explore the integration of
LLMs into visual localization tasks to enable geo-reasoning based on visual cues.
This integration allows the localization pipeline to go beyond appearance matching,

offering improved interpretability, robustness, and effectiveness. Moreover, reasoning
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enables the model to extract richer contextual information from the query image,

such as the spatial relationships between multiple landmarks.
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